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We combined Raman spectroscopy with machine learning for the classification of 11 plastic samples.
A confocal Raman system with an excitation wavelength of 532 nm was used to collect the Raman spectral
data of plastic samples and principal component analysis was used for feature extraction. The prediction
models of plastic classification based on three machine learning algorithms are compared. The results show
that all three machine learning algorithms are able to classify 11 plastics well. This indicates that the com-
bination of Raman spectroscopy and machine learning has great potential in the rapid and nondestructive
classification of plastics.
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Knaccuguxayus obpasyoe niacmmacc binoanena Ha ochose obveounenuss KP-cnexmpockonuu ¢ ma-
wiuHHbIM 00yuenuem. Konghoxanvnas KP-cucmema ¢ onunoil 6onnvt 6030yaicoenus 532 HM uCnonb308ana OJis
cbopa KP-cnekmpanbHulx OaHHbIX 00pa3Y08, AHANU3 21AEHBIX KOMNOHEHM npuMeHeH OJisl 6bl0eNeHUs. UX Npu-
3Haxo8. I[Ipogedeno cpasnenue npocHocmudeckux mooenel Kiaccuurkayuy niacmmacc Ha 0CHoO8e mpex di-
2opummo8 mawunnoeo obyyenus. Iloxkasana yoosremeopumenvhas kiaccuguxayus 11 euooe niacmmacc
€ NOMOWbIO PACCMAMPUBAEMBIX MOOETEI.

Knrwouesnvle cnosa: cnekmpockonus KOMOUHAYUOHHO20 PACCESHUA c8ema, Kadccugukayus niacmmacc,
Memoo aHanu3a 21aeHbIX KOMNOHEHM, Memoo CAYUAliHO20 Jecd, Memoo ONOPHLIX 8eKMOPO8, HeliponHble ce-
mu, MawiunHoe obyuenue.

Introduction. People’s demand for plastics is rising every year and today plastic products can be seen
everywhere [1-5]; however, plastics can cause great harm to the environment due to their own characteris-
tics. Recycling has become an urgent problem to be solved [6, 7]. Waste plastics are diverse in nature, and
the manual sorting of such a feedstock is time-consuming, labor-intensive, and inefficient; therefore, auto-
mated methods for their separation are used. The complex physical and chemical properties of the plastic
raw materials made by the melting of mixed plastics are unstable, and usually cannot be used as high-quality
or even normal raw materials, which is a huge waste of plastic resources [8]. Waste plastics are usually recy-
cled through four steps: collection, separation, processing, and marketing [9]. In the process of separation,
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the effective identification and classification of plastic waste has become more and more important. The
classification methods for plastic composition verification include—traditional appearance based, density, py-
rolysis and heating, and spectral [9, 10]. Compared with the traditional plastic classification methods, the
spectral classification method has the advantages of simple operation, fast analysis and high reliability.
Common spectral classification methods include infrared (IR) spectroscopy, laser-induced breakdown spec-
troscopy (LIBS), X-ray absorption spectroscopy, and Raman spectroscopy [9, 11-15]. However, infrared
spectroscopy does not distinguish colored or opaque plastics effectively because of its limited penetration [16].
LIBS is a commonly used method for plastic spectrum classification, but its reliability and stability need to
be improved [17]. Although X-ray absorption spectroscopy has good penetrability and stability, it requires
large equipment and high-voltage support, which is not conducive to the rapid classification of plastics [9].

Raman spectroscopy is a technique based on Raman scattering theory to characterize the molecular
structure of matter. Compared with other spectral analysis techniques, Raman spectral analysis has many
unique advantages and characteristics such as simple operation, high sensitivity, and the possibility of online
fast, nondestructive testing [18]. Due to its unique characteristics, Raman spectroscopy has been widely used
in various fields of production and life [19]. Whether the plastics are colorless or colored, classification can
be correctly achieved using Raman spectroscopy [20]. In recent years, the application of Raman spectrosco-
py in the classification of polymerization has been increasing gradually. Chen Hesheng et al. [21] carried out
Fourier Raman spectral analysis on several kinds of plastics, and the classification of plastics can be accom-
plished intuitively by comparing spectral images. Allen et al. basically achieved the classification of PET,
PS, PP, and six other plastics by using principal component analysis and the k-nearest neighbor method
combined with Raman spectroscopy [22]. Tsuchida and Kawazumi et al. used Raman spectroscopy to extract
the Raman characteristic peak of plastics and established the identification model. The recognition model re-
alizes the recognition and classification of PP, PS, and ABS, which fully demonstrated the feasibility of Ra-
man spectroscopy for plastic identification [23]. Due to the limited plastics involved, plastics classification
based on Raman spectroscopy has not been used in practical applications by recyclers.

Here, we combine principal component analysis (PCA) and machine learning (ML) to build classifica-
tion models for the classification of 11 types of plastics. We use PCA to reduce the dimension of the data set
while retaining as much original information as possible [24], then Machine learning algorithms are trained
to learn with the dimension-reduced data. Machine learning technology is a general term for all kinds of
learning algorithms. The idea behind machine learning is to find patterns and structures by training existing
data, and then make decisions or predictions about new data [25]. The ML algorithm has been widely used in
various kinds of spectral recognition due to its fast, efficient high-recognition rate [26]. Random forest (RF),
support vector machine (SVM), and back propagation neural network (BPNN) are the three most popular
machine learning algorithms. Therefore, in this study, PCA is used for feature extraction, and the three
commonly used machine learning algorithms are used to build different prediction models for these features.
The prediction results show that the prediction model based on Raman spectroscopy combined with machine
learning is classified as having good performance for plastics. This method provides a new choice for the
sorting and recycling of waste plastics.

To summarize, our method can accurately identify polyethylene (PE), polyethylene terephthalate (PET),
polypropylene (PP), polystyrene (PS), polyvinyl chloride (PVC), acrylonitrile butadiene styrene copolymers
(ABS), polyamide (PA), thermoplastic elastomer (TPE), thermoplastic polyurethanes (TPU), thermoplastic
rubber (TPR), and thermoplastic vulcanizate (TPV), etc. Additionally, the PA of various additives can also
be identified. The background fluorescence from colored, crushed, or dirty samples can be significantly re-
duced by using a confocal system. Owing to the features of our method (combining machine learning and
PCA), this method can easily be extended to include more polymers.

Material and methods. Eleven commonly used plastic samples including PE, PET, PP, PS, PVC, ABS,
PA, TPE, TPU, TPR, and TPV are considered. The plastic samples come from two sources: granular raw
materials purchased on the market and plastic products collected in daily life (listed in the electronic sup-
plementary materials). There are several sources for each type of plastic.

Acquisition of Raman spectra. Raman spectra (Raman shift: 300-3,200 cm™!, the integration time: 3 s)
of all plastic samples were acquired at the 532 nm excitation level (Verdi V-6, laser power 10 mW) on an
Alpha confocal Raman microscope system coupled to WITec’s Project 5.0 software (WITec, Germany) [27].
All spectra were collected using a Zeiss LD EC Epiplan-Neofluar 50x objective lens with NA 0.55 (Nikon,
Japan) at a temperature of 25°C. Table 1 lists the details of all plastic samples.
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TABLE 1. Plastic Data Set

Plastic Sample|Spectra
Sample source

type number|number
PE |Four milk bottle, Drink caps, Plastic bags 20 75
PET |Soft drink bottles, Food packaging bags 13 50
PP |Toy materials, Plastic containers, Packaging bags 18 75
PS |Stationery materials, Interior decoration materials, Instrument shell, Foam board 17 60
PVC |Granular raw material, Piping materials, Floor materials 7 25
ABS |Granular raw material, Electrical parts, Sporting goods materials 10 50
PA  |Granular raw material, Plastic cable ties, Ropes, Gloves 22 90
TPE |Granular raw material, Insoles, Adhesive tape 7 50
TPU |Granular raw material, Thin film, Mobile phone case, Basketball shoe parts 9 50
TPR |Granular raw material, Toy materials, Sports equipment, Luggage wheels 9 50
TPV |Granular raw material, Plastic handle, Plastic pipe 8 50
Total 140 625

Data preprocessing. We processed all acquired Raman spectra in accordance with the following three
steps using WITec Project 5.0 software. Firstly, the background of every spectrum is subtracted by fitting
a 4-order polynomial to the masked spectrum (all Raman peak areas were removed from the mask). After
that, the baseline-corrected Raman spectra are extracted for further processing. Secondly, all extracted spec-
tra are smoothed using the Savitzky—Golay linear filter with the 9-point window (the first order). Finally, all
Raman spectra are normalized to unit length.

Principal component analysis. After preprocessing, principal component analysis is used for data di-
mensional reduction and extraction of the characteristic parameters. By using an orthogonal transformation,
it can convert the original data into a set of linearly uncorrelated variables, identified as the principal compo-
nents (PCs). PCA can transform high-dimensional feature input variables into low-dimensional output varia-
bles and compress the original data while keeping as much information as possible. PCA is a commonly
used data dimensionality reduction method; especially for high-dimensional data, a small low-dimensional
space can be used to reflect the original high-dimensional space. Here, the Kaiser rule is used to determine
how many PCs should be retained.

The Kennard Stone method. In order to avoid overfitting, the Kennard Stone method is used to random-
ly divide the calibration and validation sets at a ratio of 4:1 [28]. The algorithm aims to select a diverse set of
samples for the training set. Firstly, two samples were found with the longest Euclidian distance and were
put into the training set. Then, we separately calculated the Euclidean distance between each remaining sam-
ple and each known sample in the training set, and found two samples with the maximum and minimum Eu-
clidean distance and put them into the training set. Finally, the aforementioned steps were repeated until we
reached the required number of samples.

Machine learning (ML). Three classification models of plastic Raman spectral data were established
based on RF, the SVM algorithm with a five-fold cross-validation strategy, which was used for the model’s
evaluation, and BPNN, respectively. These three classical and widely used algorithms were selected to com-
pare the prediction performance of different branches of machine learning in this study [29].

RF is a nonlinear machine learning model based on decision trees. It is an ensemble learning algorithm
that integrates multiple decision trees to complete the prediction [30]. The prediction result of RF on the
classification problem is the vote of all the prediction results of the decision tree. The training set of each de-
cision tree is set by the Bootstrap sampling method. In addition, the features used in training each node of
each decision tree are also partial features sampled from all eigenvectors. Therefore, an RF can classify mul-
tidimensional data and eliminate overfitting to some extent. Because the decision tree is used as the weak
learner, RF has the advantage of less computation and simple implementation. At the same time, since the
RF algorithm is based on the decision tree algorithm, the choice of the decision tree algorithm has an im-
portant impact on the accuracy of the prediction model established by the RF algorithm. In this study, the
class and regression tree (CART) is determined as the decision tree algorithm of the RF model. Compared
with the traditional ID3 algorithm and C4.5 algorithm, the Gini coefficient is a characteristic of the CART
algorithm, which has the advantage of small computation and high efficiency. In addition, the number of de-
cision trees has a great impact on the performance of the RF classification model. On the basis of the CART
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algorithm, the number of decision trees is set to increase from 50 to 1,000 intervals. Considering the compu-
tational complexity and classification accuracy of the algorithm, 100 decision trees are selected to form the
random forest, and the RF toolbox of MATLAB is used to implement the RF algorithm.

SVM is a supervised learning algorithm based on statistical learning theory and the minimum structural
risk principle [31]. It shows many unique advantages in solving small sample nonlinear and high-
dimensional pattern recognition problems, and has been widely used in statistical classification and regres-
sion analysis [32]. The type of kernel function has a great influence on the classification accuracy of the
SVM model. As the kernel function of the radial basis function (RBF) has fewer parameters and is suitable
for the classification of multidimensional data, the commonly used RBF is utilized as the kernel function of
the SVM prediction model in this study. In addition, the selection of the penalty parameter C and the kernel
function g has a major influence on the classification ability of SVM. We chose the widely used grid optimi-
zation to determine the parameters of the SVM model. The establishment and analysis of the SVM mo-del
was performed in MATLAB using the LIBSVM 3.14 toolbox developed by Chang and Lin [33].

BPNN also known as multilayer perceptron, is an efficient feedforward network algorithm [34]. The
main idea is that the signal propagates forward and the error propagates backward. By setting the hidden lay-
er, it can realize nonlinear segmentation based on the original logistic regression. Determining the number of
neurons in each layer is the first task when establishing a neural network prediction model. The number of
neurons in the input layer and the output layer is determined according to the input characteristic variables
and the classification categories. In addition, the selection of the activation function also plays a key role in
the accuracy of the classification model. We chose the classical hyperbolic tangent function as the activation
function of neurons. In this study, a commonly used three-layer neural network prediction model was built
using the neural network toolbox in MATLAB.

Here, we used four statistical parameters to evaluate the performance of the model. Sensitivity (also
known as recall), precision, and specificity are defined as follows:

e TP
Sensitivity = ————x100% , )
TP+ FN
Precision = Lx 100% , 2)
TP+ FP
N
Specificity =——x100%, 3
peetielty = oy mp 1 ©)

where TP is the true positive decision, i.e., correctly identified; FP is the false positive decision, i.e., incor-
rectly identified; TN is the true negative decision, i.e., correctly rejected; FN is the false negative decision,
i.e., incorrectly rejected.

Accuracy is defined as a ratio of correctly classified samples to total samples. Thus,

+
Accuracy= IN+TP x100% . (@)
TP+TN+FN +FP

Another important parameter is the F'1-score, which measures classification efficiency. The F'l1-score, also
known as a balanced F-score, is defined as a balanced average of accuracy and recall. We had hoped that
both the precision and recall would be very high, but in fact they were contradictory. The F'1-score takes into
account both the precision rate and the recall rate so that the two can reach the highest score at the same time
and achieve a balance. The F'1-score is defined as
Precision xSensitivity «100% .

F1=2x )

Results and discussion. Raman spectral analysis. Figure 1 shows the comparison of the normalized av-
erage Raman spectra of 11 plastics. From the collected Raman spectra, it can be observed that there are cer-
tain differences in the Raman spectra of different types of plastics, with some different characteristic peaks
which are the key to identifying different types of plastics. Plastics are polymers with analogous structures,
so they present some Raman peaks similar to each other; therefore, an efficient classification algorithm
is needed to identify them.

Main Raman peaks (cm™') of 11 plastics are follows: PE 1063, 1129, 1170, 1295, 1369, 1416, 1440,
1461, 2721, 2848, 2886; PET 632, 701, 797, 858, 999, 1100, 1116, 1182, 1295, 1416, 1461, 1614, 1731,
2907, 2965, 2998, 3081; PP 323, 399, 458, 529, 810, 842, 975, 1029, 1153, 1330, 1369, 1440, 1461, 2721,
2848, 2886, 2960; PS 620, 797, 1031, 1153, 1182, 1330, 1440, 1602, 2848, 2907, 2973, 3052; PVC 362, 636,

Precision+ Sensitivity
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694, 1029, 1100, 1170, 1259, 1330, 1440, 1612, 1722, 2874, 2917, 2935, 3081; ABS 620, 999, 1031, 1153,
1308, 1440, 1585, 1602, 1666, 2854, 2907, 2998, 3058; TPE 620, 842, 999, 1153, 1295, 1440, 1602, 2721,
2848, 2886, 2917, 3052; TPU 632, 858, 975, 1182, 1440, 1602, 1727, 2874, 2917, 2949, 3052; TPR 620, 797,
999, 1031, 1440, 1585, 1602, 1666, 2848, 2907, 2998, 3052; TPV 399, 810, 842, 975, 1063, 1153, 1295,
1369, 1440, 2721, 2848, 2886, 2917, 2935; PA 1063, 1129, 1295, 1381, 1440, 1461, 2874, 2917.

Raman spectroscopy essentially reflects the vibrational mode of organic molecules. Table 2 lists the ten-
tative assignments of the main Raman peaks found in plastics [21].

TABLE 2. Raman Peaks Assignment

Peak positions, cm™! Assignment
362 C—C bending
636, 694 C—Cl stretching
620, 632, 701, 797, 810, 975, 1029, 1063, 1100, 1129, 1153, 1170| C—C stretching-
1182
842 CH3 bending
858 1,4-disubstituted benzene ring
999 The triangular ring of benzene breathes
1031 In-plane bending in benzene ring
1116, 1602, 1585, 1614 C—C stretching in benzene ring
1259, 1295, 1330, 1369, 1381, 1416, 1440, 1461 CH; bending
1666 C=C symmetric stretching
1731 C=0 stretching
2721, 2848, 2874, 2886, 2917, 2935, 2949, 2965, 2973, 2998 CH; stretching
2907 CH stretching
2960 CH; stretching
3052, 3081 CH stretching in benzene ring
Ir
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Fig. 1. Comparison of the normalized mean Raman spectra of 11 plastics.

Feature extraction. We calculated 625 spectra and selected the first three PCs for the preliminary analy-
sis of the classification of plastics: 44.99, 18.61, 14.54, 7.89, 3.02, 2.32, 1.45, 1.17. The contribution rates
of the first three PCs are 44.99, 18.61, and 14.54%, respectively, and the cumulative contribution rate
is 78.14%. The three-dimensional scatter plots of the first three PCs are shown in Fig. 2. It can be seen that
PE, ABS, TPU, and TPR are clearly distinguished from each other, and the other seven types of plastics have
overlapping areas. This indicates that the selection of the PC quantity plays an important role in the accuracy
of the prediction model. The contribution of each PC and the cumulative contribution plotted are shown
in Fig. 3. The eigenvalues of the first four PCs are larger than 1, and their cumulative contribution rate
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reaches 86.03%. Considering the Kaiser rule, the first four principal components were chosen. The cumulative
contribution of other principal components does not make for a lot of contribution, suggesting that it is impos-
sible to visualize the classification of plastics simply by constructing a three-dimensional (3D) scatter plot.

PC3 (14.54%)

e L OEOEEOCEEOEOE
—
e
o

10
PCI (44.99%) 20

Fig. 2. Three-dimensional scatter plot of the first three PCs.

Machine learning (ML) classification. The four PCs extracted from PCA features were used to establish
classification models based on three ML algorithms (RF, SVM, and BPNN). To avoid overfitting, the Ken-
nard Stone method was used to randomly divide the calibration and validation sets at a ratio of 4:1.

Firstly, the CART algorithm as the basic decision tree algorithm is chosen, and set up with 100 decision
trees to establish a prediction model of the RF. Secondly, the RBF kernel function combined with the grid
optimization algorithm to establish the SVM classification model is selected. In order to avoid overfitting,
the calibration set of the SVM algorithm adopts the five-fold cross-validation strategy to evaluate the mod-
el’s performance. The range of the grid optimization search parameters C and g are [-2, 4] and [4, 6]. Then
a three-layer BP neural network with the hyperbolic tangent activation function is selected to establish the
classification model of the BPNN algorithm. Since the first four principal components with a cumulative
contribution rate of 86.03% are selected for feature extraction, as shown in Fig. 3, the number of nodes in the
input layer and output layer mentioned earlier is related to the dimension and category of the data, so the
number of input nodes is set to four. Considering the values calculated by the three empirical formulas for
calculating the number of hidden layer nodes, combined with the complexity of the network structure and
the size of the error

I=n-1, (6)
I =\Nm+n +a, (7)
I=log,n, (®)

(where n, I, m are the numbers of nodes in the input layer, hidden layer, and output layer, respectively,
a is the adjustment constant, and the value range is generally 0—10), the node deletion method and the expan-
sion method are used to initially determine the number of hidden layer nodes to be 3—16, and then in each
case, model evaluation is performed 20 times under each node, and finally 13 is selected as the number of
hidden layer nodes, with the highest accuracy rate of 95.04%. In order to improve the accuracy of classifica-
tion, a binary code is applied to 11 plastic samples, thus the number of neurons in the output layer is deter-
mined to be four. Finally, after repeated research and training samples, other training parameters of the neu-
ral network to obtain more accurate classification results are determined. The parameters of the BP neural
network are follows: input layer neurons 7; output layer neurons 4; hidden layer neurons 13; training error
0.01; maximum iterations 1000.

In order to more accurately compare and increase the reliability of experiments, a different calibration
and validation set is selected each time, and all the algorithms are run 20 times. Table 3 shows the overall
performance (calibration, validation, and times for the classification of the entire test dataset) of the predic-
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tive model using the three ML algorithms. The results show that all three algorithms have good prediction
models. Those based on the three ML algorithms show good accuracy, indicating that the ML algorithms can
classify plastic samples more correctly. The SVM algorithm performs best in the calibration and validation
set. The average classification accuracy reached 99.58 and 98.5% for the calibration and validation set, re-
spectively. At the same time, the SVM algorithm is proven to have efficient classification performance for
small sample data. On the other hand, the RF algorithm has the lowest average CPU time, requiring only
0.04s, which also proves its fast training ability and low computational cost. For the BPNN algorithm, due to
the small number of samples, its prediction model accuracy and CPU running time are not the best; however,
in general, its classification performance is also good, especially regarding the stability of the calibration set.
If a large number of plastic samples need to be trained and classified, the BPNN algorithm is a good choice.

Contribution rate

1.0 r

0.8

0.6 } ~a— Contribution

’ —>— Cumulative
contributions

04 t
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0 L 1 L 1

0 1 2 3 4 5 6 7 8
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Fig. 3. The contribution rate varies with the number of PCs.

TABLE 3. Algorithm Accuracy among RF, SVM, and BPNN Models
(run 20 times with four components)

Algorithm Calibration, % | Validation, % Time, s
RF 98.12+1.30 97.92+1.52 0.04+0.01
SVM 99.60+2.83 98.56+0.88 5.53+0.53
BPNN 95.04+1.64 93.28+2.30 0.93+0.58

N o tes. The setup of computer: CPU AMD R5 2600x; Memory 16 GB; Graphics MSI GTX1060 (6 GB).

Accuracy, %
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Fig. 4. Comparison of the prediction accuracy of different machine learning algorithms.
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Figure 4 shows the average accuracy of the three ML algorithms under a different number of principal
components. It can be clearly seen that the average accuracy of each algorithm is high enough when the first
four principal components are selected as feature input variables, but when more principal components are
selected, the average accuracy is seldom improved. Therefore, the first four principal components are select-
ed to establish a prediction model to reduce the computational complexity of spectral data while maintaining
high classification accuracy. This advantage will be more evident for prediction model establishment from
large sample data.

For multiclass classification, in order to evaluate the specific classification performance of each catego-
ry, the sensitivity, specificity, and F1-scores of 11 types of plastics are calculated as shown in Table 4. The
F1-score is one of the equilibrium evaluation parameters, but the other three parameters can also reflect the
performance of the relevant classification model. In general, the higher the F'1-score value, the better the per-
formance of the classifier and the higher the reliability of the classifier. It can be seen from Table 4 that PET
and PA have the lowest Fl1-scores and the lowest sensitivity. All the other nine classes have high F1-scores
for three prediction models. The reason for that may be that various strong Raman peaks from additives are
observed in the PET and PA samples. For example, PA with fiberglass additives presents strong Raman sig-
nals at 935 and 1,635 cm™!, while pure PA does not have these two peaks. To some extent, this indicates that
the ML algorithms combined with Raman spectroscopy can have a good classification effect on plastics.

TABLE 4. Calculation of Plastic Statistical Parameters under Different Machine Learning Algorithms

Algorithm | Plastic type | Sensitivity, % | Specificity, % | Accuracy, % | Fl-score, %

RF PE 100.00 100.00 100.00 100.00
PET 93.50 99.57 99.08 94.06

PP 99.67 100.00 99.96 99.83

PS 97.50 99.78 99.56 97.71

PVC 100.00 99.58 99.60 95.53
ABS 100.00 100.00 100.00 100.00

TPE 99.00 99.87 99.80 98.76

TPR 100.00 99.74 99.76 98.57

TPU 100.00 99.96 99.96 99.76

TPV 100.00 99.83 99.84 99.05

PA 91.67 99.39 98.28 93.82

SVM PE 100.00 100.00 100.00 100.00
PET 95.50 99.35 99.04 93.96

PP 100.00 100.00 100.00 100.00

PS 100.00 99.87 99.88 99.44

PVC 100.00 99.96 99.96 99.55

ABS 100.00 100.00 100.00 100.00

TPE 99.50 100.00 99.96 99.74

TPR 100.00 100.00 100.00 100.00

TPU 100.00 100.00 100.00 100.00

TPV 100.00 99.65 99.68 98.22

PA 92.78 99.58 98.60 94.98

BPNN PE 99.33 99.27 99.27 97.23
PET 86.50 98.91 98.91 87.24

PP 99.67 97.86 97.86 92.92

PS 91.25 99.78 99.78 94.29

PVC 93.00 100.00 100.00 95.97

ABS 100.00 99.74 99.74 98.59

TPE 100.00 99.61 99.61 97.88

TPR 100.00 99.83 99.83 99.09

TPU 100.00 99.48 99.48 97.27

TPV 100.00 98.91 98.91 94.32

PA 77.22 99.72 96.48 85.70
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Conclusions. Raman spectra of 11 plastics are obtained rapidly by Raman spectroscopy. We apply ma-
chine learning methods to achieve good classification since the characteristic peaks in the plastic spectrum
are partially overlapped. We use principal component analysis to preliminarily analyze the spectral data and
select the optimal principal component quantity to establish the prediction model of the three machine learn-
ing algorithms. The high accuracy of the plastic classification model calibration set based on three machine
learning algorithms is achieved. This study shows that 11 types of plastics can be well classified by Raman
spectroscopy combined with machine learning algorithms. The fingerprint characteristics of Raman spec-
troscopy and the automation of the machine learning algorithms allow for prompt classification with high re-
liability. Automatic sorting of waste plastics can be achieved in the process of recycling. In addition, this
work provides a scientific basis for establishing the Raman spectrum database of plastics and performing the
quantitative analysis of mixed plastics.

This work was supported by the National Natural Science Foundation of China (grant No. 61405083)
and the Fundamental Research Funds for the Central Universities (grant No. 2018-129).
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