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ABSTRACT

The increasing prevalence of nanoplastics in the environment underscores the need for effective
detection and monitoring techniques. Current methods mainly focus on microplastics, while
accurate identification of nanoplastics is challenging due to their small size and complex
composition. In this work, we combined highly reflective substrates and machine learning to
accurately identify nanoplastics using Raman spectroscopy. Our approach established Raman
spectroscopy datasets of nanoplastics, incorporated peak extraction and retention data processing,
and constructed a random forest model that achieved an average accuracy of 98.8% in identifying
nanoplastics. We validated our method with tap spiked water samples, achieving over 97%
identification accuracy, and demonstrated the applicability of our algorithm to real-world

environmental samples through experiments on rainwater, detecting nanoscale Polystyrene (PS) and
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Polyvinyl chloride (PVC). Despite the challenges of processing low-quality nanoplastic Raman
spectra and complex environmental samples, our study demonstrated the potential of using random
forests to identify and distinguish nanoplastics from other environmental particles. Our results
suggest that the combination of Raman spectroscopy and machine learning holds promise for

developing effective nanoplastic particle detection and monitoring strategies.

KEYWORDS: Raman Spectroscopy; Machine Learning; Nanoplastics; Microplastics; Random

Forest

SYNOPSIS

This study combined Raman spectroscopy and machine learning to accurately identify nanoplastics,

with successful application to complex environmental samples.
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1. INTRODUCTION

Due to the massive manufacturing of plastic products and the unregulated disposal of plastic waste,
plastic particles are released into the environment and circulated worldwide in large quantities'™.
Researchers have demonstrated the widespread presence of microplastics (<5 mm), e.g. in lakes™®,
oceans” 8, and sediments’. In addition to microplastics, recently, researchers have started to
recognize the importance of nanoplastics (<1 pm), which have been detected in samples of the

10.11 "seawater'?, snow'?, and soil'*. In contrast to microplastics, nanoplastics are small

atmosphere
enough to penetrate biological barriers and transfer between tissues'> '°, their presence in blood'’
and placenta'® has been confirmed, which poses a significant risk to human health!. Therefore, the
development of effective methods to detect nanoplastics in the environment is of direct relevance
for both human health and environmental science.

To assess environmental impact, both the composition and the concentration of nanoplastics
are of obvious interest. Raman spectroscopy is a widely used and effective technique for identifying
microplastics, including those found in soil (150-200 um)?° and marine environments (>10 um)?'.
Raman Spectral Imaging has been utilized to identify plastic microbeads larger than 4 pm?*2. Micro-
Raman spectroscopy allows for spectral analysis with spatial resolution below 1 um??, which could
aid in the detection of plastic particles of submicron and nano sizes in environmental samples.
Recent research has indicated that Raman mapping can be employed to visualize, image, and
identify nanoplastics down to 100 nm in size**. However, due to the extremely weak Raman signal
usually present in nanoplastics, accurate identification is problematic. The Raman signal (peak
intensity) can be significantly enlarged by structural methods, such as optimizing the optical
structure or designing surface-enhanced Raman substrates'®. However, robust and reliable Raman
identification requires processing large amounts of data, whose analysis by highly skilled scientists
does not scale up.

Machine learning has received increasing attention from researchers for its ability to automate
the analysis of complex spectral data. The combination of machine learning and Raman
spectroscopy can improve the efficiency and accuracy of micro(nano)plastic identification, and the
introduction of algorithms related to image recognition can be applied to the analysis of spectral

matrices?. Principal component analysis (PCA) is capable of extracting key features of data from
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multiple dimensions of datasets, and has been applied to analyze a variety of microplastics as well
as to optimize Raman imaging of plastics’’~*!. However, the composition analysis of unknown
particles also requires supervised learning, and existing methods include PCA-linear discriminant
analysis (PCA-LDA)*?, Support vector machine (SVM)*2, Linear Partial Least Squares Regression
by Intervals (iPLS-R)** and Competitive Adaptive Weighted Sampling (CARS/PLS-R)*, to
improve and quantify the accuracy. Current publications mainly report on the spectral classification
of microplastics, targeting plastic particles larger than 15 pm, and the collected databases consist of
high-quality Raman spectra 3>, However, these databases are insufficient to meet the existing
needs of nanoplastics detection. To date, only a few studies have attempted to use chemometric tools
for spectral analysis of submicron and nanoplastics. As the size decreases, complications arise, such
as changes in plastic crystallinity, and some characteristic Raman peaks become too weak or
shifted®®. The weak signal features of the Raman spectra of nanoplastics in the atmosphere can be
easily covered by noise'?. Therefore, there is a need to establish methods for obtaining weak signals
of nanoplastics and specialized Raman databases for nanoplastics. Additionally, it is essential to
establish effective qualitative analysis methods to facilitate the identification of nanoplastics in the
environment.

The low-quality Raman spectra of nanoplastics make it impractical to be identified by the
traditional dataset of traditional high-quality spectra for matching. To address the low-quality
Raman spectra, random forests have a higher tolerance for noise over other algorithms*’3¥, Random
forest is an ensemble learning model that uses bagging and random feature selection to construct
multiple independent decision tree structures, and then integrates the voting results of each decision
tree for prediction®”. The ability of random forests to handle noisy and high-dimensional data,
achieve high accuracy, and provide interpretable results makes it a valuable tool for scientific
research in many fields®. In this work, we applied machine learning approach in automatic
processing of Raman spectra to identify nanoplastics. In terms of detection methods, the highly
reflective aluminum sheets (95% reflectivity) facilitate automatic image identification of
nanoplastics as well as signal collection. For data processing, the peak extraction and retention
(PEER) algorithm served to extract meaningful features from weak Raman signals (for technical
details see ref.*!). To identify unknown plastic samples, we constructed a random forest model

enabling successful discrimination between five common plastic contaminants, namely
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Polyethylene (PE), polytetrafluoroethylene (PTFE), Polystyrene (PS), polymethyl methacrylate
(PMMA) and Polyvinyl chloride (PVC), with an average accuracy of 98.8%, an average sensitivity
of 98.5%, and an average specificity of 100%. By combining machine learning with Raman
spectroscopy, our method significantly improves the accuracy and efficacy of nanoplastic
identification in complex environments. We demonstrated the effectiveness of our method through
successful lab tests (utilizing tap water mixed with plastic particles) with identification accuracy
exceeding 97%. Furthermore, the applicability of our method to real-world environmental samples
was demonstrated through experiments on natural rainwater, where nanoscale PS and PVC were
detected. Our work successfully addresses the challenges of identifying low-quality nanoplastic
Raman spectra and handling complex environmental samples, demonstrating the value of machine

learning in developing effective nanoplastic particle detection and monitoring strategies.

2. Experimental Section

2.1 Chemicals and Materials

Polyethylene (PE) and polytetrafluoroethylene (PTFE) pellets (with diameters <1 pm) were
purchased from Qihong Plastic Material Co, China. Polystyrene (PS) and polymethyl methacrylate
(PMMA) spheres (with diameters of 360 nm, 500 nm, and 1 um) were purchased from Shanghai
Huge Biotech Co, China. Polyvinyl chloride (PVC) pellets (with diameters of 300 nm ~1 pm) used
in the experiments was provided by Shanghai Guanbu Electromechanical Technology Co, China.
Amorphous recycled PTFE material was provided by Dongguan Teplas Long Chemical Raw
Material Co, China. The nanoplastics were dispersed with anhydrous ethanol or deionized water
and diluted to 50 pg/mL for subsequent analysis of individual plastic particles. Following the
dispersion and dilution process, the nanoplastic solution was filtered through cellulose filter with
pore size of 1 pm. This filtration step was performed to eliminate large plastic particles and to
guarantee that only nano-sized particles were present in the sample for subsequent analysis. The
aluminum sheets (95% reflectivity) were purchased from Shenzhen Dixuan Metal Co., Ltd. in China,
and silicon wafers were purchased from Suzhou Research Material Micro-Nano Technology Co,

China. All substrates were thoroughly cleaned by ultrasonication in ethanol and subsequently rinsed
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with ultrapure water to remove any possible contaminants. Additionally, great care was taken in

handling the substrates to prevent any potential scratches or contamination during the experiments.

2.2 Sample preparation

Samples extracted from the environment are usually complex and pretreatment is required to remove
impurities that could cause signal interference. Biological contamination requires special attention
as it can lead to strong fluorescence that interferes with the Raman signals from nanoplastics. Tap
water mixed with a variety of plastics was first filtered through cellulose filter with pore size of 1
pum to remove large particulate matter. Next, it was filtered through cellulose filter with pore size of
0.25 pm to capture nanoscale particulate matter. To reduce the interference of organic matter and
biological substrates, hydrogen peroxide (H,0O>) solution (30%) was added to the above filters and
the samples were digested at room temperature for 24 h. Afterward, we applied ultrasonic water
bath to release particles potentially trapped on the filter membrane surface, allowing them to fall
into the solution and be collected. Finally, concentration was performed by constant temperature
evaporation at 50 °C. Throughout the process, interference from equipment and laboratories was
minimized by using clean glass containers, wearing cotton white coats, and covering the sampler
with aluminum foil.

When it rains, the micro(nano)plastic particles present in the atmosphere fall under the wash
and are carried by the rain. Rainwater was collected in clean glass containers on the roof of the
Department of Environmental Science building, at Fudan University. Rainwater was pretreated
using the same method as we used for tap water. For sample preparation, the pretreated sample was
dropped onto the surface of aluminum plates (95% reflectance) to have it dry, and subsequently
examined using Raman spectroscopy. The specific experimental flow chart is shown in Figure 1 (a).
We collected rainwater for a total of 3 days in March 2023, and the samples were measured in

triplicate to ensure accuracy and reproducibility.
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2.3 Characterization

Raman spectroscopy was performed with an XploRA Plus confocal Raman spectrometer (Jobin
Yvon, HORIBA Gr, France) equipped with a x100 Olympus microscope objective. The external-
cavity diode laser (532 nm) used in our study has a total power output of 100 mW. In order to
minimize potential damage to the plastic samples while maintaining high sensitivity and accuracy
in our measurements, we utilized only 10% of the laser's energy for nanoplastic detection, as
demonstrated in Figure S1. No noticeable melting or damage to the plastics was observed, and no
carbon peaks were detected in the Raman spectroscopy. Spectra were collected using a multichannel
EMCCD device with confocal imaging of 0.5 um XY and the diffraction grating density had 1200
lines per mm. The spectra were collected from 200 to 2000 cm™, with 2 spectra accumulations for
sample at a 30 s acquisition time per spectrum. Particle identification and automatic acquisition of
spectra are implemented by Particle Finder in LabSpec 6. The optical microscope images were

processed using Image Pro software.

2.4 Data Processing

(1) Establishment of nanoplastic datasets. The spectra included in the nanoplastic database
were obtained directly from the plastic samples. To establish the internal Raman spectral dataset, a
total of 1000 individual nanoparticles were examined, covering five different plastic types
(including PE, PTFE, PS, PVC, and PMMA). For each specific plastic category, 200 nanoparticles
were selected for subsequent analysis (raw data of nanoplastic datasets were provided in SI).

(2) Data pre-processing. The obtained Raman spectra were cut to the range of 500-1800 cm™
and later processed by polynomial equations for baseline correction. Weak Raman signal extraction
and denoising are required because the inherent noise of the system interferes with the identification
of plastic feature peaks. The PEER algorithm has good signal extraction and retention, as described
earlier’'. To reduce the influence of overlapping peaks and the background on the model
construction, the subsequent steps use the first-order derivatives of the Raman spectra.

(3) PCA analysis. The pre-processed data were analyzed by Origin (2021) Principal

Component Analysis for Spectroscopy software. In this study, the spectral wave number variables
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were compressed into 10 principal components (PCs) for explaining the variance (>95%). The PCs
that accounted for the top three were selected for 3D mapping to achieve separation of the Raman
database.

(4) Random forest analysis. A random forest model was developed using MATLAB R2021b
(The MathWorks) software to analyze the pre-processed data. The training database consisted of
1,200 spectra, including five types of plastics with 200 spectra each, plus 200 blank spectra. The
Random Forest classifier was constructed by selecting a random subset from the training set
(randomly choosing half of the dataset), creating 100 uncorrelated decision trees, and aggregating
the outputs of the decision trees for the final prediction, as depicted in Figure 1(b). The importance
of features within the random forest was determined by counting the features used in the decision
tree nodes. Upon completion of the model construction, the model's performance was evaluated by
calculating the out-of-bag classification error on the test dataset (the other half of the dataset).
Specific reference metrics included accuracy, sensitivity, and specificity*> *>** (specific formulas
are shown in SI). To ensure logical and scientific research coherence, the entire process, including
dataset partitioning, model training, and validation, was repeated 100 times. Each iteration involved
randomly selecting a new set of training data, leading to slightly different training and, consequently,
potentially different results. The displayed outcome represents the average value, calculated from
these 100 tests. Support Vector Machine (SVM) and Back Propagation (BP) Neural Networks were
developed using MATLAB R2021b (The MathWorks) software to compare the performance of
random forests. To address the needs of real-world detection and evaluate the reliability of the
constructed model, the test set employed actual nanoplastic samples (spiked tap water samples,

rainwater samples) to assess the random forest model.
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Figure 1. (a) Pre-processing workflow for the environmental samples and (b) schematic diagram of

the random forest model. The raw data need to be pre-processed (the PEER algorithm and baseline

correction) and later processed by first-order derivatives to build the random forest model. A

randomly selected training set creates 100 uncorrelated decision trees to build the random forest

classifier, and then the outputs of the decision trees are aggregated for the final prediction.

3. Results and Discussion

3.1 Raman detection and spectral database establishment for nanoplastics

To effectively detect nanoplastics, it is crucial to develop a reliable detection method, with the

selection of the substrate playing a vital role. Aluminum, silicon, and glass slides were first
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compared for their suitability as substrates for Raman spectroscopy acquisition, as shown in Figure
S2(a). PS nanoparticles with a diameter of 360 nm served as the model. The characteristic peak of
PS (~1000 cm™) experienced significant interference from the silicon secondary peak (~936 cm™)
and the fluorescence of the glass slide within the 800-1200 cm™ range. In contrast, aluminum
presented a clean signal background (aluminum foil, pressed aluminum plate, and polished
aluminum plate all exhibited no background signal, as depicted in Figure S2(b)). In addition, the
smooth properties of polished aluminum plates (95% reflectance) allow nanoplastics to be observed
under optical microscopy (x100) with clear imaging and facilitated the automatic identification of
particles. Polished aluminum plates, with their low background signal, high reflectance, and low
cost, offer a promising option for detecting nanoplastics using Raman spectroscopy. In this study,
we focused on a selection of the most common and representative plastics found in the environment.
These types of plastics have been detected in various environmental samples'®!'*. They served to
establish our nanoplastic standard spectral datasets. Raman data were collected from individual
plastic particles < 1 um (as shown in Figure 2(a)). (1) PE, with C-C as the main chain, has a
relatively simple structure. Its Raman peaks are dominated by C-C stretching (~1064,1131 cm™),
CH, rocking and bending (~1173, 1298, 1442, 1460 cm™") *4. (2) PS has branched chains substituted
by benzene rings, so its characteristic peaks are composed of ring breathing (~1000 cm™), C-H
rocking (~1030 cm™) and C-C stretching (~1604 cm™) %, (3) PMMA, with heteroatoms (O) on the
branched chains, whose structure are mainly linked by C-C and (C=0)-O-C, with C=0 stretching
(~1729 cm™), C-COO stretching (~599 cm™), and C-O-C symmetric stretching (~808 cm™) as
Raman features*®. (4) PVC and PTFE, substituted by halogen atoms (Cl, F) on the branched chain.
PVC can be specifically distinguished by C-Cl stretching (~635, 694 cm™) #. PTFE has C-C
vibrations (1215 cm™) and is qualitatively distinguished by C-F vibrational stretching (~729, 1298,
1379 cm™) *®. The composition of nanoplastics was determined based on the location of Raman
characteristic peaks as well as on their relative intensity (the main characteristic peaks and band
assignments of different plastics are shown in Table S1). Nanoplastics also provide information
about the C-H peaks in the Raman wavenumbers near 3000 cm™'. However, due to the high similarity
of peak shapes and positions between PTFE and PE, as well as between PVC and PMMA, they
cannot be well distinguished from each other (as shown in Figure S3). Moreover, the Raman spectra

of plastics provide limited useful information in the range of 1800-3200 cm™ and focusing on a
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narrower spectral range reduces computational complexity. Therefore, we chose to concentrate on
the spectral features in the range of 500-1800 cm', as these features are more robust and reliable
for identifying and differentiating various types of nanoplastics.

Next, to check the dependence of Raman peaks on particle size, we compared the Raman
spectral signal intensities of nanoplastics (PS, PMMA) with different sizes (1 pm, 500 nm, 360 nm),
as shown in Figure S4(a). As the size decreases, the Raman signal intensity of individual
nanoplastics significantly declines, and there is a clear proportional relationship between the
characteristic peak area and the particle area, as shown in Figure S4(b). The smallest detectable
sizes for PS and PMMA were found to be 360 nm. For other plastic materials, the minimum
detectable particle size was determined to be ~500 nm (PTFE), ~500 nm (PVC), and ~600 nm (PE)
at the current level of techniques, as it is not feasible to produce fixed-size particles for these
materials. Notably, although the characteristic bands of the 360 nm PS particles are still identifiable,
the signal-to-noise ratio (SNR) has deteriorated. However, for nanoplastics, clear identification in
such low-quality spectra is evidently necessary. The random noise in our experiments originates
from the charge-coupled devices (dark current and readout noise) and from the signal itself
(scattered particle noise)*’. The PEER algorithm consists of peak identification, retention, and
denoising, and is capable of removing the interference of noise on spectra, where overlapping peaks
and spikes coexist. The Raman spectra of 360 nm PS and 360 nm PMMA were used as an example
to compare the denoising effect of the PEER algorithm executed before and after on the spectra.
Figure 2(b) shows that the original Raman spectrum of PS has both sharp single peaks (~1000 cm
1, and peaks with poor SNR (~1604 cm™'). The PMMA feature peak at ~808 cm™' is sharp, while
~1452 and 599 cm! are strongly affected by the background noise. Upon comparison, the Raman
peak positions, shapes and intensities of the smoothed spectra correspond well to those of the
original spectra. As illustrated in Figure S5, a comparison of the Raman characteristic peaks of
PMMA particles with different sizes before and after PEER processing demonstrates this
correspondence. We observe that the method of smoothing using the PEER algorithm can extract
the Raman signal peaks from the background noise. Next, the background of the denoised PS
nanoplastic Raman spectral data was removed, in order to reduce the background fluctuations in the
Raman signal. Asymmetric least squares were used for baseline correction. The smoothing and

baseline removal preprocessing steps change neither the wave number nor the intensity of the peaks.
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Plastics have multiple vibrational characteristics, including some distinct features and many
overlapping characteristic bands. Conventional visual identification methods are time-consuming
and not suitable for processing large amounts of data. Moreover, subtle differences in low-quality
spectra can be overlooked. In Figure 2(c), the Raman spectral datasets of plastic particles, including
PS, PMMA, PTFE, PVC, and PE, are displayed. PCA serves as an example of unsupervised learning,
operating without prior knowledge of the components. By projecting the spectral data onto a set of
linearly uncorrelated directions called principal components (PCs), 85.3% of the variance in the
original data can be captured with the three PCs that contributed the most, as shown in Figure S6(a).
However, the degree of aggregation among different libraries is relatively poor, as illustrated in
Figure S6(b). To make the database more clearly separated, first-order derivative processing was
subsequently applied (as shown in Figure 2(d)). The first-order derivative processing represents the
fluctuations of the characteristic peaks more intuitively and makes the PCA analysis free from the
interference introduced by the absolute intensity of the Raman signal. The PC loading plot (Figure
2(e)) calculates the importance of each band and shows the various prominent features (indicated
by dashed lines) corresponding to the nanoplastics. The PE feature peak (~1064, 1173, 1298, 1442,
1460 cm™) in PC1 (Variance = 31.4%) has the largest contribution. PC2 (Variance = 11.8%)
represents characteristic bands of PMMA (~599, 808, 1729 cm™), and PTFE (~729, 1215, 1379 cm
). PC3 (Variance = 9.0%) contains more information, including the characteristic bands of PS
(~1000, 1030, 1604 cm™) and of PVC (~635, 694, 1333, 1431 cm™!). To visualize the data structure
of various plastic spectra, PC fraction visualization plot was generated for the spectral data of
different types of plastics (Figure 2(f)). The five types of plastics were assembled into distinct
clusters, attributed to the substantial differences in their spectra. This facilitated classification using
machine learning algorithms. The first-order derivative processing allowed sharp spectral peaks in
the spectra to occupy a larger proportion and reduced the range and values of the PC scores, filtering
out invalid false peak information, which benefits the differentiation of weak spectra. To ensure the
validity of the dataset inputted into subsequent models, all subsequent steps employed first-order

derivative processing.



307
308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

(b) 360 nm PS T3 cps Raw data (C)
-
—— PEER| S
P
A4 z
Baseline Correction] & H
=
360 nm PMMA Raw data| &
A4
—— PEER g
i &
Baseline Correction w
MM E
™
T T T T T T S A
600 800 1000 1200 1400 1600 1800 600 800 1000 1200 1400 1600 1800 600 800 1000 1200 1400 1600 1800
Raman shift (cm'l) Raman shift (cm™) Raman Shift (em™)
(d) (e — ]
~ H —PVC H H T
: B —Ps o )
£ S ; -
SRR VY - |
L e,
] ; LA
- o : r H PE |
= ~ - |
=] T i : = *  PMMA
= g | ! Q
g‘? L -PMMA: %
=] = o z
a = 2
o Z
8
-
& o H i
£ g Lo
) 3 IR IR |
B I~ ; ? Trr
£ £ C
Y = ! {
S P 00 800 1000 1200 1].400 1600 1800
Raman Shift (em™) Raman shift (em™)

Figure 2. (a) Raman spectra of nanoplastics with different compositions (PS, PMMA, PE, PVC,
and PTFE) are shown, with a white scale bar of 1 pm. (b) Raman spectra processed using the Peak
Extraction and Retention (PEER) algorithm and baseline correction are shown, with 360 nm PS and
360 nm PMMA spectra as examples. The Raman spectral datasets are displayed after the
preprocessing step (c¢) and after being processed by first-order derivatives (d), with the average of
all spectra shown as a solid line. (¢) The Principal Component (PC) loading plot for the first-order
derivative dataset is shown. Highlighted features are marked with dashed lines, indicating the most
significant bands contributing to the variance in the data. (f) 3D plot of PC scores from different

samples is displayed, with each point corresponding to a Raman spectrum.

3.2 Establishment of Random Forest

PCA is primarily employed to simplify high-dimensional Raman spectral data by reducing its
dimensionality. This process renders the data more manageable and visually interpretable for
nanoplastic datasets. However, PCA may struggle to adequately distinguish weak signal spectra of
nanoplastics. The projections of PC1&PC2 fractions (Figure 3(a)) and PC1&PC3 fractions (Figure

S7(a)) for different nanoplastic particles illustrate this problem. This issue is particularly
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pronounced for nanoparticles of very small sizes, which exhibit low SNR, resulting in extremely
high similarity between spectra. Figure 3(b) displays the low-intensity Raman spectra of various
types of nanoplastics corresponding to points 1, 2, 3, 4, and 5 in Figure 3(a), emphasizing the
challenge of identifying nanoplastics at low SNR.

In contrast, the random forest algorithm is capable of effectively classifying overlapping
spectra by utilizing multiple decision trees and feature selection. Consequently, we employed the
random forest algorithm to classify the Raman spectral datasets into multiple classes, demonstrating
its effectiveness in distinguishing various types of nanoplastics. 100 uncorrelated decision trees
were created from a randomly selected subset of the training set (randomly selected half of the
dataset) to build a random forest classifier, and then the output of the decision trees was pooled, so
that the model could make the final prediction, with the representative architecture shown in Figure
1(b). The performance of the model was tested by calculating the out-of-bag classification error on
the test dataset (the other half of the dataset). As the tree increases, the error decreases significantly.
When the tree increases to 100, the random forest achieves a good fit (Figure S8(a)). The
performance of the classifier can be represented by the confusion matrix (Figure 3(d)) that calculates
the percentage assigned to the test data compared to the real labels. To avoid potential overfitting,
the decision tree was grown by ranking the importance of sample features and subsequently using
the main features to explicitly classify the training samples. Figure 3 (c) illustrates that the model's
feature utilization was primarily concentrated on the plastic feature peaks (the focused part is
marked with shading). Within the wave number range, the darker the color for each peak, the greater
its contribution to the recognition judgment in the model. The random forest demonstrated superior
feature extraction for ~729, 1379 cm’! (PTFE), 1000 cm™! (PS), 635 cm™ (PVC), 1442, 1460 cm™!
(PE), and 599 cm™ (PMMA). The random forest method exhibits significant advantages over PCA
in effectively classifying overlapping spectra and improving the classification accuracy of nano-
plastic particles, especially when dealing with low SNR spectra. The confusion matrix in Figure
S7(b) demonstrates the classification accuracy of the random forest model for the low-quality
spectra in Figure 3(b), highlighting the suitability of the random forest method for identifying and
differentiating various types of nano-plastics in scientific research.

To underscore the merits of the Random Forest algorithm for nanoplastic Raman spectra

classification, we compared its performance with that of Support Vector Machine (SVM) and Back
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Propagation (BP) Neural Network using identical training and test sets (refer to Figure S8). Each of
the three models underwent 100 tests. The Random Forest algorithm outshined the other methods,
achieving an average accuracy of 98.8%, an average sensitivity of 98.5%, and an average specificity
of 100%. In comparison, the overall recognition accuracy of the BP Neural Network stood at 88.5%,
lower than that of the Random Forest. The SVM's overall recognition accuracy was even more
modest at 68.0%, significantly lagging behind both the Random Forest and BP Neural Network.
This exceptional performance establishes the Random Forest algorithm as the preferred choice for
Raman spectral classification of nanoplastics. Recycled plastics may undergo various treatments
that will alter their spectra, potentially introducing new peaks or causing a significant decrease in
spectral quality that affects the fingerprint of the plastic sample (e.g., recycled PTFE material, as
illustrated in Figure S9(a)). To evaluate the model's ability to handle such variations, we introduced
Raman spectra of recycled PTFE materials into our model for classification. We collected Raman
spectra from 20 recycled PTFE nanoparticle samples and observed that the Random Forest model
effectively classified them into PTFE categories with 100% accuracy (as depicted in Figure S9(b)).
This finding demonstrates that our model exhibits robust resistance to interference and can adapt to

changes in the spectral data of recovered materials.
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Figure 3. (a) Scatterplot of PC1 and PC2 Scores for Various Nanoplastic Particles. Each point

corresponds to a Raman spectrum. (b) Low-Quality Raman Spectra of Diverse Nanoplastic Types,

corresponding to points 1, 2, 3, 4, and 5 in scatterplot (a). (c) Visualization of the Random Forest

Recognition Model. Gray fill indicates the features extracted by the model, representing the

classification boundaries differentiating distinct nanoplastic particle categories. Darker shades of

gray signify more important features. (d) Raman Spectra Identification of Micro- and Nanoplastics

using the Random Forest Model. The confusion matrix displays the classification percentages for

the first-order derivative-processed spectral test set across multiple categories.

3.3 Identification of nanoplastics in spiked tap water

To demonstrate the practical applicability of the random forest model, the first challenge is to

distinguish plastics in complex mixtures. For this purpose, we performed a lab test: tap water was
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spiked with a variety of nanoplastics, and this sample was digested, filtered, concentrated and then
dropped on smooth aluminum sheets for Raman detection (as shown in Figure 1(a)). To achieve a
large range of particle identification, we used automatic image recognition to frame out the location
of the particles under optical microscopy (as shown in Figure 4(a)). Here, the highly reflective
aluminum sheet facilitated large-scale processing and automatic image identification. The framed
particles underwent Raman scanning, and the collected Raman spectra were subsequently analyzed
using our random forest model. The corresponding identification results were subsequently mapped
onto the original image, with different plastics assigned distinct colors, and unknown or "silent"
(exhibiting no signal) particles classified as empty sets. In the example presented in Figure 4(b), a
total of 29 particles were observed within this region (the raw Raman spectra in Figure S10). The
random forest model successfully labeled 2 PMMA particles, 3 PS particles, 15 PVC particles, 2
PTFE particles, 1 PE particle, and 5 unknown particles (including spectra of impurities and spectra
without signal in tap water), along with 1 misclassified particle (had a true classification as an empty
set but was misclassified as PVC). This method can clearly identify a large range of particles and is
applicable to real environmental samples. In this tap water spiked sample, 6 areas were examined
under the optical microscope (Figure 4 (a), Figure S11(a-d)) and Figure S12(a)), each measuring
35x35 pum. A total of 160 particles were observed, as depicted in the particle size distribution in
Figure S12(a), with the majority of the particles being smaller than 1 um. The presence of particles
with an area larger than 1 pm? can be attributed to the potential agglomeration of smaller particles
during the concentration process. The type of plastic particles was determined through manual
comparison to establish the true labels. Subsequently, the random forest assigned predicted labels,
and the confusion matrix was utilized to evaluate the performance of the random forest (as depicted
in Figure 4(c)). Based on the confusion matrix calculations, three particles were misclassified (with
the Raman raw data of misclassified particles shown in Figure S13(b-d)). The presence of mixed
signals in Raman spectra due to the adherence of small particles of different substances poses a
challenge for accurate particle classification. In our study, we observed the misclassified particle in
Region No. 4 (as shown in Figure S13(c)) where Raman spectra exhibited a mixture of plastic
particles of PS and PMMA. The particle was incorrectly identified as empty sets by the random
forest model, primarily due to the low respective scores of PS and PMMA. However, we later

confirmed the false negatives using Pearson correlation analysis. The correlation coefficient matrix
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of the particle compared to the plastic standard sample showed highly significant correlation
between this sample and the standard samples of PS and PVC (as shown in Figure S13(c)). The
particles identified as yellow in Region No. 1 and No. 5 exhibited clear bulges at 500-1000 cm™,
leading to misclassification as PVC (as shown in Figure S13(b) and S13(d)). However, upon closer
examination, these particles did not display the characteristic features of PVC overall, as evidenced
by p-values > 0.0001. Consequently, they were classified as empty sets. In this particular case, our
random forest model achieved high classification accuracy of approximately 98.1%, with a
sensitivity of 99.1% and specificity of 94.8%. We also conducted SEM analysis to further validate
the accuracy of our random forest model. Figure S12 displays the optical microscopy image (a) and
SEM image (b), as well as the particle classification (c) and corresponding element distribution (d-
g) of Region No. 6 of tap water nanoplastic spiked samples. The results confirmed that the elemental
distribution of F matched the position of PTFE identified by the random forest model, and that the
elemental distribution of C matched the position of PS identified by the random forest model, due

to the higher C density of PS compared to PTFE.
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Figure 4. (a) Automated particle identification under optical microscopy for Region No.1 of tap
water sample spiked with nanoplastics. (b) Particle classification in (a) using the random forest
model (blue represents PMMA particles, red represents PS particles, green represents PVC particles,
purple represents PTFE particles, cyan represents PE particles, white represents unknown particles,
and yellow represents misclassified particles). (c) Confusion matrix illustrating the classification of
Raman spectra for particles in the six regions of spiked tap water samples, grouped into different

percentage classes.
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3.4 Identification of nanoplastics in natural rainwater

Rainwater has been identified as a potential indicator of the abundance and distribution of
microplastics and nanoplastics in the atmospheric environment, with several studies investigating
the presence of microplastics in rainwater®*3, In Wuhan, China, the abundance of microplastics in
rainwater ranged from ~2-19 particles/L, with identified polymer types including PE, PP, PVC, PS,
and other plastic particles smaller than 1 mm>®. However, samples collected through 37 pm pore
size stainless steel mesh resulted in the loss of submicron and nanoplastics. Similarly, in Seoul,
Korea, rainwater was found to contain 48.1% of plastic particles ranging from 20-50 pm and 34.7%
of plastic particles ranging from 50-100 pm, but the assessment of nanoplastics was neglected due
to the minimum pore size of 25 um for the employed retention filter membrane®®. Hence, it is
essential to conduct further investigations into nanoplastics in the environment to gain a
comprehensive understanding of plastic pollution. In our study, we collected environmental
rainwater samples to detect and identify submicron plastics and nanoplastics. We collected rainwater
samples over three consecutive days and followed the pre-processing steps to extract the
nanoplastics, which were dispersed onto the substrate. For each sample, we analyzed an area of 5 x
35 um x 35 pm, using image recognition software to identify the particulate matter and performed
Raman detection automatically. Figure S14(a-c) shows that the particle size distribution in the
rainwater is wide, with the vast majority of particles smaller than 1 um, and approximately 60-70%
of the particles are in the nanoscale range. The collected Raman spectra were analyzed using a
random forest model, which mapped different types of plastics to different colors, while unknown
and no-signal particles were grouped into the empty set category. Figure 5(a-c) presents the results
of the first day of rainwater detection, where 338 particles were detected in rainwater sample 01,
and one was identified as PS (size area of ~0.30 pm?), accounting for 0.29%. In rainwater sample
02, 354 particles were detected, and one was identified as PS particles (size area of ~1.50 um?),
accounting for 0.28%. In rainwater sample 03, 251 particles were detected, and one was identified
as PVC (size area of ~0.90 um?), accounting for 0.40%. The regions where the nanoplastics
identified by the random forest are located, are shown in Figure 5(d-f). As illustrated in Figure 5(g-
i), the three particles identified as plastic exhibited characteristic peaks in their Raman spectra that

matched those of the corresponding standard plastic samples. Moreover, the corresponding
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correlation coefficients were all greater than 0.7 (P-values < 0.0001), which is consistent with the
random forest model's judgment. However, no nanoplastic particles were detected in the rainwater
samples collected on the subsequent two days, primarily due to the first flushing effect of rainwater>>.
As the duration of rainfall increased, more atmospheric pollutants were deposited. Other particulate
matter in rainwater was predominantly composed of carbon-based soot-like particles and salt
particles. We collected Raman spectra of common salts in rainwater, including NaCl, NaSO4, and
CaCOs, and used the random forest model for classification. All these spectra were accurately
classified as "non-plastic" and added to the empty set, demonstrating the ability of our algorithm to
distinguish plastic particles from salt crystals (as shown in Figure S15). During the analysis of
rainwater sample 01, a non-plastic particle in region No.04 was misclassified and marked in yellow
in Figure 5(d). To eliminate false positives, we utilized Pearson correlation analysis. The raw Raman
spectrum of the misclassified particle is shown in Figure S16, exhibiting a clear bulge dominated
by a carbon peak at 1000-1800 cm™'. Further inspection revealed that it did not exhibit the overall
characteristics of PS (p-value > 0.0001) and was therefore classified as empty set. All data were
manually identified, and the random forest model achieved a high classification accuracy of over
99% in the analysis of rainwater samples, as confirmed by the confusion matrix calculations. Our
results demonstrate that machine learning techniques are promising and applicable for identifying
environmental nanoplastics. The model can efficiently identify relevant plastic data from large
datasets and reduce manual processing time. Further refinement and expansion of the spectral

datasets may improve the accuracy of the model in identifying a wider range of plastic particles.
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Figure 5. Environmental tests for identification in natural rainwater. The confusion matrix shows
that the Raman spectra of all particles in the selected areas of rainwater samples 01 (a), 02 (b), and
03 (c) are classified into different percentage classes. The particles in rainwater sample 01-Region
04 (d), rainwater sample 02-Region 05 (e), and rainwater sample 03-Region 04 (f) were identified
by the random forest model (blue for PMMA particles, red for PS particles, green for PVC particles,
purple for PTFE particles, cyan for PE particles, white for unknown particles, and yellow for
misclassified particles). (g) Raman spectrum of particle No. 69 in Region 04 of rainwater sample
01 (classified as PS), and Pearson correlation coefficient matrix of the particles compared to the
plastic standard sample. (h) Raman spectrum of particle No. 01 in Region 05 of rainwater sample
02 (classified as PS) and Pearson correlation coefficient matrix of the particles compared to the
plastic standard sample. (i) Raman spectrum of particle No. 15 in Region 04 of rainwater sample 03

(classified as PVC) and Pearson correlation coefficient matrix of particles compared to the plastic
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standard samples. (P-values < 0.0001 are indicated by *, indicating a highly significant correlation

between this sample and the plastic standard sample).

4. Environmental Implication

The increasing prevalence of nanoplastic particles in the environment highlights the urgent need for
effective detection and monitoring strategies™*°. However, current sampling methods and Raman
detection techniques mainly focus on plastic particles in the micrometer size range 23 30-34 61,
limiting the detection of nanoplastic particles. Therefore, further investigation of nanoplastics in the
environment is necessary to gain a comprehensive understanding of plastic pollution. Although

Machine learning has been applied to many studies on microplastic identification®*3

, existing data
systems typically use high-quality Raman spectra of plastic samples, with strong signals and clear
single peaks, which are not suitable for identifying nanoplastic particles. The significant signal loss

caused by the dramatic reduction in nanoplastic particle size'* 3

makes it challenging to match their
spectra to those of macroscopic plastic samples. As a result, relying on commercial data systems to
identify nanoplastic particles may result in poor matching accuracy and require manual evaluation
by researchers. Further research is needed to develop and optimize Raman detection techniques for
identifying nanoplastic particles in various environmental samples.

In summary, our study provides a promising solution to this problem by demonstrating the
potential of Raman spectroscopy and machine learning algorithms in identifying and characterizing
nanoplastic particles. The combination of Raman spectroscopy and multivariate analysis provides
an information-rich and robust method that overcomes the limitations of conventional spectral
analysis for individual peak determination of micro- and nanoplastics. In our study, we developed
five Raman spectral datasets of nanoplastic particles, used advanced data pre-processing techniques,
and applied the random forest algorithm to achieve high classification accuracy. Our proposed
random forest algorithm outperformed other methods such as BP, SVM, and PCA, achieving an
average accuracy of 98.8%, an average sensitivity of 98.5%, and an average specificity of 100%.
As a laboratory test, our method achieved 97.9% recognition accuracy when analyzing tap water

samples with added plastic particles. Furthermore, the applicability of our algorithm to real-world
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environmental samples was demonstrated through experiments on rainwater, where nanoscale PS
and PVC were detected.

As a novel contribution, our work successfully addresses the challenge of identifying low-
quality nanoplastic Raman spectra and dealing with complex environmental samples. By
incorporating spectra with weaker signals, we improve the classification accuracy of nanoplastic
particles. We validate our proposed random forest algorithm by including reference standards for
recycled plastics and salts. The comprehensiveness of the plastics and additives included in the
spectral database determines the success of qualitative matching®?. Therefore, further research is
necessary to develop a comprehensive nanoplastic database that considers different compositions
of plastic mixtures with additives and chemical structure changes during aging®: ®*. Machine
learning algorithms applied to nanoplastic identification offer a promising strategy to improve the
accuracy and efficiency of plastic pollution monitoring in the environment. Our results demonstrate
the value of machine learning in developing effective detection and monitoring strategies for
nanoplastic particles, which are crucial for understanding the extent of plastic pollution in the

environment.
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