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Fig. 1

Diagram of DCGAN network structure for Raman spectrum classification
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Table 2 Generator network and Discriminator network for Raman spectral augmentation
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Fig. 2 Spectral augmentation by slope-bias adjusting
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Table 3 Distribution of corresponding drugs in data set

National Institute for Food and Drug Control

s ELEES HAKH
1 Gatifloxacin 15
2 Lomefloxacin 21
3 Norfloxacin 15
4 Pefloxacin 12
5 Cephradine 18
6 Cefradline 15
7 Cefixime 9
8 Ceftazidime 18
9 Cefdinir 30
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Yk, FF 30 % (1% 0847 0 .

3.1 FB/AEREESIM 453

B4 IR TR ARG S35 1 I 2R A R0 a4 Y R 3 1 A
SVM 43 B JFIGHr 2 s i 45 R an 2 5 iR . DL SVM H #5 4)
JER B RL 2 OGS 4 S A B RO R, W L2614 S ik
R I A . X T Pefloxacin Fil Cefixime P 4N 4E A % /b 19 25
w R UG, LR HER 425, R 5 il LU B B T B iR 5L
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Table 4 The training set, test set distribution of drug samples

EL Il 254k pIRR S
Gatifloxacin 11 4
Lomefloxacin 15 6
Norfloxacin 11 4
Pefloxacin 9 3
Cephradine 13 5
Cefradline 11 4
Cefixime 7 2
Ceftazidime 13 5
Cefdinir 21 9
JEgid 111 52

®S5 HRRNEBREHEHIEMLER-SVM(%)
Table 5 Detailed results of Raman spectrum discrimination of
China food and drug institute-SVM (%)

- Ir R RO
2 - e
LER S lREE S
Gatifloxacin 5 3
Lomefloxacin 4 2
Norfloxacin ! 2
Pefloxacin 7 3
Cephradine 4 3
Cefradline 5 3
Cefixime 6 2
Ceftazidime 4 4
Celdinir 2 3
AT ES 63.06(70/111) 51.92(27/52)

3.2 [RipiEE#E CNN 3
FIT CNN 2328 i I S A 4 ry R 20 Tr] o 40 3 6 JR

R T MR IR B B JRULA O H A CNIN [ 23 6 S2 3 45 3R, o
S350 T CNN X JB G 7 2 06 385 43 25 45 1 QU4 48 oy 25
B 78.38% , ML R UEH F 75.00%) . FEEST T Pe-
floxacin fl Cefixime i HEAR £ 2> A 25 SR UE . 43l R
WA AR T, B CNN H A AR 5R (9 FR AR 4R BRI 4y 2568 . A
Bt CNN S5 2 618 1 AR 250 B m F SVM,

F6 NWEBRIEHIEHFIFMER-CNN(%)
Table 6 Detailed results of Raman spectrum
discrimination CNN (%)

SN F g
%8 R
UERS RS
Gatifloxacin 3 2
Lomefloxacin 2 1
Norfloxacin 2 2
Pefloxacin 4 2
Cephradine 2 1
Cefradline 3 2
Cefixime 5 2
Ceftazidime 2 1
Cefdinir 1 0
o3 R UER % 78.38(87/111) 75.00(39/52)

3.3 HURERERLIEER CNNE

AR I U AR G BEAT AR R XTI SR, T SR
FERENE . T R A O 1 R A B A [ A O
WMt B U B P XS LR AR O, S W R
HER A 2GR OGIE Y ST F] 100 A, YIZRAE A0 4 3] 2 WL
7. sl A CNN YN ZRIfor RS BIGE R T 3 B2 il A
JE 1O AN P RIS B PR B . R 8 R AR OB 1 K K
BITEATE O . SCH A R, G 88 i A B 11 A A 1 2
KUEHARs B —Jrm, HREBEPHB T — LR K
O BIEAZ 0 JE B0 BE b 24 il 14 05 DA S o5 — b 24 1 3%
Pl ot BRI ol B 5 4 i DR R i R i £ AR D AT 2 90 I R Y
W 5 B 2 U . G I O L 2 0 T RE 2 A O 2 55 — R oy
T TV T O RS U AR OB R JFOG T A A, A
W BTl A RO B A LU R 1 A 2k BB LR Oy 22 ik i iR

R7T HRBERNGE. MKEXNTHER

Table 7 The training set. test set distribution of drug samples

2y VIR S i A
Gatifloxacin 70 30
Lomefloxacin 70 30
Norfloxacin 70 30
Pefloxacin 70 30
Cephradine 70 30
Cefradline 70 30
Cefixime 70 30
Ceftazidime 70 30
Cefdinir 70 30
g% 630 270
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Fig. 3 Spectral generation by data augmentation

x8 HRREHSNXIEHFEAINFBER-HBETCNN(%)
Table 8 Detailed results of Raman spectrum discrimination of

China food and drug institute-Data augmentation and

CNN (%)
e S i 4R
Gatifloxacin 9 1
Lomefloxacin 5 3
Norfloxacin 8 2
Pefloxacin 10 2
Cephradine 4 2
Cefradline 8 4
Cefixime 7 1
Ceftazidime 8 3
Cefdinir 7 4
o JEHERR 2 89.52(564/630)  91.85(248/270)

R RBEYIEEEN LVE FRERLL (N EE 3)
Table 9 LVE signal to noise ratio of augmented spectral by
slope-bias adjusting (corresponding to Fig. 3)
JEE i B () PG (b)
31. 24
29.74
30. 18
32.05
31.77
34. 65
28. 47
30. 69
29. 69
31.51

24.56

FoR. £ 9 NE3 A B 10 1% B bR LR S E R E R
A 50 45 SR AT LU A BTG 1 AR X DR A D3 i 2k B T .
3.4 DCGAN H i 3ti H#E CNN o 2%

[ A ] DCGAN #3425 i 6 i B 9 s 81 100, |
GRAR 5O 4 R 3R 7. 181 4 SR IR he 0 oA B 5N b B AL
PEEM 10 25 Bt RE a8 4(a), #1 DCGAN FE 47 %5t 2k &
19 10 ANB R GRS B ACb) iy R . IR SE 1 & 2 B ot
T AH A6 61 T N1 M, U] DCGAN TE 4 OG5 1
Job A v BE A 30 TAL B A AR T . KR 0 G 1 1 4R R A AR
i A CNN #EAT IG5 25, 13303 10 Prs iy 45 %, 58
I 45 R R WA B LR & 4 S UER R . [ AT DCGAN
A BOGTE AR L ROGIE R B, SRIR AR AR 11, SRR 45
AT LUE A O Y 2 R BEXT LU UG O 1 22 S BN . AR
W fi B8 % » DCGAN A iy 635 B I i (R B 1 J i ol 18 1 {5
Bo 5 2 AN I i I 2 4 AR AR Y 3 28 ok A S L
MAr R UER F K F » DCGAN A B i $i7 2 6 3% %4 8 A4 A
HER 426 .

F 10 5B HUEF 51 1¥ M 45 R-DCGAN+CNN( %)
Table 10 Detailed results of Raman spectrum discrimination of
DCGAN and CNN (%)

SRR
B - .
e S ik 4
Gatifloxacin 3 1
Lomefloxacin 4 0
Norfloxacin 2 2
Pefloxacin 3 0
Cephradine 1 0
Cefradline 3 0
Cefixime 2 0
Ceftazidime 3 0
Cefdinir 2 1
IR UER R 96. 35 98.52
% 11 DCGAN ¥ & E# LVE SR L (R E 4)
Table 11 LVE signal to noise ratio of augmented spectral by
DCGAN (corresponding to Fig. 4)
I ) b E (D)
27.67 29. 28
27.08 30. 59
28. 65 31.63
20. 49 31.79
29.01 32.02
27.53 31. 67
20. 65 29. 28
28.22 29. 32
21.56 30. 37

20. 86 29. 34
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Abstract The detection method of Raman spectroscopy relies on the chemometrics algorithms, and deep learning is the most
popular are at present, which can be applied to the modeling of Raman spectroscopy. However, deep learning requires large
samples for training. while Raman spectral collection is limited by equipment and labor cost. Obtaining large quantities of
samples requires a higher cost, and also is suffered by fluorescence and other factors, which all restrict the application of deep
learning to Raman spectral. In view of the above problems, the paper introduces the deep convolution generation counter network
(DCGAN) to extract the characteristics of Raman peaks in the Raman spectrum, and generates a new Raman spectrum to expand
the data set. At the same time, the reliability of DCGAN was proved by comparing with the slope-bias adjusting method,
another method to expand the data set. In this paper, spectral selection criteria are designed and generated to fill the dataset with
highly similar spectra, which is the first step for the application of deep learning in Raman spectra. In order to demonstrate that
the generated spectrum has good comformality with the original spectrum, the paper sets up four groups of experiments for
comparison: (1) the original Raman spectrum is input to SVM for classification, and the classification accuracy is 51. 92% , (2)
the original Raman spectrum was input to CNN for classification, and 75.00% classification accuracy was obtained, (3) the
slope-bias adjusting method was used to generate the spectrum, which was input into CNN for classification, and the
classification accuracy of 91. 85% was obtained, (4) DCGAN was used to generate the spectrum, which was input into CNN for
classification, and the classification accuracy was 98. 52%. The comparison of the four groups of results proves the superiority of
the Raman spectrum generated by DCGAN. The experimental results show that DCGAN can generated much alike spectrum
through antagonism learning with only a small amount of Raman spectrum. and the generated spectrum is clearer than the
original spectrum, reducing some interference factors, and has a preprocessing effect on the spectrum. Taking the advantage of
DCGAN, a large number of high-quality data can be generated and filled into the original Raman spectral data set, and the
sample size of the data set can be expanded, so that the deep learning model could be better trained, thus improving the accuracy
of the classification or other model. This paper proposes a feasible scheme for applying deep learning method to Raman

spectroscopy.
Keywords Raman spectrum; Data augmentation; Spectral classification; Deep convolutional generative adversarial networks
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