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Research on classification of plastics by Raman spectroscopy

combined with deep learning algorithm

YUAN Ningzhi, CHEN Shaohua, MU Taotao
(College of Instrumental Science and Optoelectronic Engineering, Beijing Information Science and
Technology University, Beijing 100192, China)

Abstract: Raman spectroscopy can identify the spectral characteristic peaks of plastic products,
but the operation process is complicated and the accuracy needs to be improved. Therefore, a
classification algorithm for plastic products based on one-dimensional convolution neural network
(1-D CNN) is proposed. Firstly, data sets of 40 kinds of plastic packaging samples using
polyethylene, polypropylene, polyethylene terephthalate and polystyrene as raw materials were
established. Then, four algorithm models including 1-D CNN, KNN, DT and SVM were designed
for training, and the spectral classification process, model accuracy and robustness were compared.
The experimental results show that the classification accuracy of 1-D CNN can reach 98.62%

without pretreatment. And the accuracy rate is 96.42% under 60 dB noise, which is better than the
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three traditional machine learning algorithm models. The results show that the multi-classification

method of Raman spectral fusion neural network can improve the detection performance of plastic

products.

Keywords: Raman spectroscopy;

one-dimensional convolutional neural network; machine

learning; plastic products; qualitative classification
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Fig. 1 Flow chart of Raman spectrum classification
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Tab.1 Sample name and main raw materials
B G5 HEARZTR (HL3) JEAt
1 BRI Lg% PET
2 JFRITERFIE AS PET
3 BRI VIO 5 5L PET
4 TCRBMITRIEIK PET
5 IRFE T (LLJRIR) PET
6 IR R (EPR) PET
7 AR R (BEREER) PET
8 AT A (FRAR) PET
9 e R PET
10 FhFGEE PET
11 TR PE
12 oI BEBEE PE
13 R R PE
14 g R R AR PE
15 FNE DR PE
16 BRI R R PE
17 4L KB PE
18 4ERC PE
19 HeAZED PE
20 AEAFIH PE
21 [P PE
22 THFEMI% PE
23 TE A REMEROR PP
24 FHRAERIAEE (59) PP
25 W SEVEAOR (4%) PP
26 HHRBVEACK (4%) PP
27 WERKE (@) PP
28 WIS R R 8 (4%) PP
29 W EAR PP
30 A SRR PP
31 B PP
32 — A F PS
33 —IRMEE A PS
34 LA PS
35 JLER A PS
36 At iniean & PS
37 SCHWA & PS
38 Fue PS
39 U PS
40 Pt 5t PS
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Fig.2 Average Raman spectra of four types of plastics
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Fig.3 Original Raman spectra
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Fig.4 Smoothed filtered Raman spectra
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Fig. 7 Training flow chart of backpropagation algorithm

Arbre x, BN CTEEAE v, 25 n AT
kBRI a5 n DA £
B RNER ;. N RBIEREARS kb ER
BAH

PR BB R Adam fALTE, S80%
B

B1=009, f,=0.999, £=10"8, 7=0.001 (5)

I RA AN SR, IR i 21
Lk, HUAAPEREAECH (batch size) BEE A 50,

W B = 6 T B AR BE ALK 4 Sk 3 4
70% JEIEEIRVE R INZAE 5 10% i B 1E h
BAEsE, TR R Zrad R rh i ph 220
BESH 20% SIS ERE M4, HF
WO 0 4 BB RE . BB 2843 20 4>
Epoch Y %52 )5 1 2 A (i h 2 an i 8 B
AN, AT DA H 4 FEARIRSL

3 S5

3.1 HEESEEBHRILER

NEUERR ) 7026 RE T, R 1-D CNN B
o3l KEAR . BRSNS B AL 3 AL 4
AILAS 27 SRR ISR RO [ i TAESERY)
WA= 20 7 1l 5 B TP W DR A SRR I
AP BE, SRS F SR BRI Savitzky-
Golay JEPAFIEATIEN, I airPLS FLMEATHE
LRCIE, 3o FUAE 4 RS I AR s A2 Tk
R L APFE I SERR, SCIRARINR 2 R,

& 8 1-D CNN Wil RiRk B R ERZR %

Fig. 8 1-D Training loss rate and accuracy curve of CNN

network

FT2 AEABRESRERE

Tab. 2 Classification accuracy of different models
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SRt :
A UL L A
KNN 79.83+0.83 88.15+1.34
DT 84.22+0.87 89.96+0.77
SVM 88.58+0.51 96.39+0.69
1-D CNN 98.62+0.13 97.534+0.18
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