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(a): Original spectra; (b): Spectra with pretreatment

Mean Raman spectra of the samples
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Fig. 2 Generative adversarial network flow chart
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Fig.3 DCGAN structure diagram
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Table 1 Parameters of generate network

o 2% )2 1 AR P Padding W pR L
Convl (16, 9) 3 same RelLU
Conv2 (8, 18) 3 same RelLU
Conv3 (3, 27) 3 same RelLU

AR Adam 1B 48, 2% > R Bk 0.000 2, Batch
Size RK/NKER 50, AR YNGR ER Hy 200, £ X 9 F AS [ 4l
JE AR A R TR A FR AR i 2R B R 4% R AT 6 1S B 1 0,
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Table 2 Parameters of discriminating network

o9 2% )2 1 A& EAS Padding WO eR L

Convl (3,27 3 same LeakyReLU
Conv2 (8, 18) 3 same LeakyReLU
Conv3 (16, 9 3 same LeakyRelLU

3 RS HE

3.1 E-T DCGAN K H 8 KB ERE RN
SEBRAp . AT 58 W TR/ L BIE BN B b AR Bk R

M

6000 1 (a) 100%

— 95%)|

3 50001 —

g — 8%

3 e

2 40001 |

g J
e
=1
®
£
®
&

1
30060 Se"\‘b\“\)

& 4

H A U0 T 5 A 0 1T DA T R IR i R . RO AR SC i R
100%, 95% ., 90% 5 852 1y 4 Fh 4li i 1y B A 30k 1T 2 Bk H 2L
£h 55 500 7 VR AT . B AR AR AS BE AL B 20 RGP 2O S
BT DCGAN Mg 5 2E il AL 2063, FP S (45 2R 43 ) an &l
4(a) M (b) Fris .

Hi &l 4 AT, BT DCGAN B 5 AE i iy B 2 06 3% 5 5 ih
L ST T AN AH R T PR A i o e it 8 090 245 7E D 4 1
H— A6 v i T RE ML S L AR RS IO BE B
BT i Z R P o 4 SOR A 1 15 9 Lb (peak signal to noise ra-
tio, PSNR) Fi145 #4 47 o 1 (structural similarity, SSIM) 4§ #5

RVEM AR 8 1 5 A Bl ot 3 B0 0 A U1 . R 5 AR R B e
MR,
] : — 100%
6000 | () — oy
5 5000 ‘ — 0%
— 85%

B85t 55 F DCGAN HE 38 By 4 B it
()¢ JEIRIEIE

(b AR

Fig. 4 Original spectrum and generated spectrum based on DCGAN

(a): Original spectra; (b): Generated spectra
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Table 3 Similarity evaluation between the spectra generated by traditional data
enhancement and DCGAN enhancement methods and the original spectra
FEAR Yo el B JN R B8+ I DCGAN
4/ % PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
100 23.57 0.919 9 32.83 0.581 1 24.03 0.620 3 47. 67 0.973 7
95 23.99 0.929 2 31. 49 0.495 2 24.22 0.623 0 54. 67 0.992 6
90 22.15 0.889 7 30. 19 0. 450 8 24. 84 0.567 0 46. 58 0.994 7
85 24.18 0.916 3 29.10 0.416 7 23. 88 0.527 6 51. 61 0.996 1

(random forest) . # 5 H (decision tree) Fll— 4 #5: FH #1 25 ] 4%
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Table 4 Comparison of the identification results

of adulterated pearl powder

P SRS - %iﬁf%%/% PRTE————
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KNN 98.03 97. 38 97.63 100
random forest 94. 50 92.75 73.38 100
decision tree 95. 87 98. 87 86. 63 100
1DCNN 99. 78 99.12 99. 04 100
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Table 5 Comparison of quantitative models built by different

data enhancement methods combined with 1IDCNN

B 1 5y R? RMSEP LOSS
A% 0. 856 2 0.125 4 0.015 6
B 0.943 8 0.078 2 0.006 1

T+ WA 0.844 0 0.130 3 0.017 0
DCGAN 0.988 4 0.034 8 0.001 2
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Detection of Pearl Powder Adulteration Based on Raman Spectroscopy and
DCGAN Data Enhancement
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Abstract The chemical composition of pearl powder and nacre powder is similar, However, the medicinal value of nacre powder
is far lower than that of nacre powder, and nacre powder is easier to prepare at low cost, which is often used by illegal businesses
to fake or mix into nacre powder to enter the market and seek illegal interests. Therefore, identifying pearl powder adulteration
and purity analysis is of great significance. This paper used Raman spectroscopy combined with deep learning technology to study
the rapid identification and purity analysis of pearl powder adulteration. The pure pearl powder and nacre powder were mixed
according to a certain proportion to make 270 samples with 9 kinds of purity of 0%, 25%, 50%, 75%, 80%, 85%, 90%, 95%
and 100% respectively. Then the Raman spectrum of the samples was collected, and the parameters were set as follows: the
resolution is 4.5 em ', the integration time is 3 000 ms, and the laser power is 20 mW. A Deep Convolutional Generative
Adversarial Network (DCGAN) model was built to enhance the Raman spectra of the samples. Furthermore, K-nearest
neighbor, Random forest, Decision tree, and one-dimensional convolution neural network (1DCNN) classifiers were used to
identify the authenticity of a small proportion of adulterated samples with the purity of 85%, 90% . 95% and 100%. At the
same time, a quantitative model for the purity prediction of 9 kinds of adulterated pearl powder samples was established by using
a one-dimensional convolutional neural network. The results showed as follows: compared with the original spectral data, the
Raman spectral data generated by the DCGAN data enhancement method was significantly better than the traditional data
enhancement methods in the two evaluation indexes of peak signal-to-noise ratio and structural similarity. For the identification
of pearl powder adulteration, the accuracies of the qualitative models established by DCGAN data enhancement method combing
with four different classifiers have all reached 100%. For the quantitative detection of the purity of the pearl powders, the model
established by DCGAN-1DCNN method has achieved the best performance. For the test set, the determination coefficient (R*)
was 0. 988 4 and the prediction root mean square error (RMSEP) was 0. 034 8 as the loss value of IDCNN network was 0. 001 2.
Raman spectroscopy combined with the DCGAN method provides a rapid and simple method for identifying and purity analysis of
pear] powder adulteration. The data enhancement method of deep convolution generation countermeasure network has important

research significance and application value in spectral analysis technology.
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