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Zifoti BRI, witm 2R R, 2RO R
PREE R R 2 R R AL B,

VR B 25 R 28 M 2% (convolutional neural network, CNN)
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Fig. 1 The structure of one-dimensional CNN
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Table 1 The parameters of CNN-1
) ; o N

prp CRECBREC e B BET sy
Conv_1 21 64 2 054 X64 131 456 1408
BN_1 - — — 2 054 X64 131 456 256
MP_1 - - 684 X 64 43 776 0
Conv_2 19 64 1 666X 64 42 624 77 888
BN_2 - — - 666X 64 12 624 256
MP_2 - - 222X 64 14 208 0
GMP - - - 64 64 0
Output — - - 7 7 455
&t - - - - 106 215 80 263

CNN-1 BRI & A WA SR . B R/ 21 F
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Table 2 The parameters of CNN-4

, , — —
pam BPRCERE e B BET sup
Conv_1 3 64 1 2 072 X64 132 608 256
BN_1 — — — 2 072 X64 132 608 256
MP_1 — — 3 690 X 64 44 160 0
Conv_2 3 64 1 688 X 64 44 032 12 352
BN_2 — — — 688 X 64 44 032 256
MP_2 — — 3 229 X 64 14 656 0
GMP — — — 64 64 0
Output — - - 7 7 455
it - - - - 12167 13575
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Table 3 NIR data of cefixime tablets
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Table 4 NIR data of phenytoin tablets
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Fig. 2 NIR of cefixime tablets from seven

pharmaceutical manufacturers
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Fig. 3 NIR of phenytoin tablets from eleven

pharmaceutical manufacturers
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Fig. 4 The original NIR and the NIR preprocessed by five methods
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PL7 AT Sk A 50 5 R 2 B4R 3R NIR $cdi o 1), i
1A — A4~ CNN BB E 2 2R (5 00 S5, 1156 £t
SrFEUERN A, LM R RO MR L, O B B 4 2
By, SCEG SRR 6 R,

26 /1, ratio & X 5% 5 —3., acc_cnnl—acc_cnn7
3R FaR LA CNN R 25 45 70 70 I 3 4 | 1) 4 288 o g
o, WK 6 PALIF . CNN-1-—CNN-3 3X 3 BT 3R A5 58
MBIy S PERE . T CNN-4—CNN-7 3% 4 PEERIMEREE 2. £

TR A JE CNN-4—CNN-7 8RR B/ 9 45 B X DL 3K
it i 4 X 20 B B U 4RAE . M CNN-1-—CNN-3 o 35
U RSE 8, A6 fh 28 103 sh i B e K, e BRI
ELEAE A4 B 1 T 2k AR R AE . IR, FRAT
F) CNN-2 b CNN-1 fl CNN-3 %% {4 4 fig o ff;, CNN-1—
CNN-3 735l & 2~4 NEBR)ZE . W FFEA 28 /NA RS 5
W, RABEGEZ AL, A5 B ia, HiR)E W% d
HERE I ECHE, A B, R CNN-2 857 347 )5 28 92 56 BF

P

Fo

RS5 AEFAIE NIR HIEAE CNN-2 R § 4> K44k
Table S5 Classification performance of NIR data with different preprocessing methods in CNN-2 model

ratio acc_raw acc_cen acc_auto acc_snv acc_savg acc_msc
0.8 87.3546.21 99.4140.72 99.1240. 72 99.7140. 59 84.71412.43 79.71+11. 89
0.7 85.7449. 51 98.02£0.0 99.0140. 89 97.23+3.22 81.58£8.62 69.5+15. 68
0.6 79.7+10.87 97.1441. 46 99.1£0. 56 99.2540. 48 79.5543.76 52.33+14.89
0.5 79.03£5. 67 98.67+0.8 99.03£0.91 97.4541.85 71.52411.08 65.82+7. 44
0.4 77.5945.99 97.5940. 86 98.3940. 74 91.9646. 85 70.65+13. 95 68.04419.7
0.3 58.5349.49 97.49+1.07 98.18+0. 69 97.49+1.63 69.35+8. 21 51.77415. 64
0.2 60.45+4. 32 94.3942.01 95.5342.25 82.124+10. 61 62.27+4.1 63.71+10. 96
®6 LR CNNEEE S E MR L
Table 6 Comparison of classification performance of seven CNN models
ratio acc_cnnl acc_cnn2 acc_cnn3 acc_cnn4 acc_cnnb acc_cnnb acc_cnn?
0.8 70.29+15.15 85.0%7.11 74.4148.95 18.24=+1.5 28.82+4.32 25.2945. 84 37.0649. 08
0.7 77.03414. 31 77.03410. 32 68.124+11.09 18.22+3.35 32.6742.58 22.77+6.2 31.49+6.78
0.6 79.1+15.06 69.6244.53 65.2646. 86 18.8+1.96 32.03+3.58 23.0144.13 27.82+6.4
0.5 58.18414.05 70.6749. 41 57.4548.2 18.79£4.0 22.1844.55 22.5546.3 24.9744.12
0.4 53.37+14. 31 75.38+3.05 55.5845. 23 17.1940. 97 19.6+3.85 21.714+5.12 18.29+4. 27
0.3 44.68+18. 42 67.79+6.74 47.79+6. 39 20.7847.3 21.73+£5.55 20.6146. 25 19.484+9.13
0.2 35.3+15.42 56.9748.07 47.8845.33 18.79+1. 28 20.0£8. 14 20.2345.25 14.85+2.79

FI LAY R H] python2. 7 5, B (43145 GPU #2234
NVIDIA Tesla P100, 7E —43 25 1 & 43 25 6 8% 54 b ok 4752

% . Jf 5 4T NIR DB K59 . W1 SVM., BP. AE L)
K ELM #A7 L EL .
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Table 7 Classification accuracy of different methods

in binary classification experiment

acc_bp acc_ae acc_elm

100.040.0 100.040.0 100.040.0 94.09411.82 100.040.0
100.0£0.0 100.040.0 100.040.0 94.154+11.69 100.040.0
100.0£0.0 99.7740.47 98.844+1.8 99.340.93 100.0%0.0

8
7
6
5 99.8140.37 99.8140.37 99.25+0.7 92.9411.07 100.0%0.0
4
3
.2

ratio acc_cnn

0.

acc_svm

99.2240.98 99.69+0.38 99.69+0.62 99.22+1.2 100.040.0
99.0740.53 99.33£0.42 98.420.68 87.73£13.1599.0740. 68
97.78£1.19 98.7140.86 99.06+0.7 91.7+10.69 99. 18+0.79

o o o o o

3.2 EHEIK

(DOEFRTR, R3IPTAT WA LB R
NIR BEA ST AR g R W2, T 7 28, SERR g A% 8 s,
CNN 7£ ratio=0. 7, 0.6 B, #f Ll H Ak, K& m o %
HERR 2 ; ELM Sk AL ratio /N0, AR TR RE . AAEX
HIEM T . CNN 5 ELM PEREMHIE., MR &4 F, CNN b
SVM & 1~3 i, th BP & 1~2.8 1, H AE & 4~21
A B 5 432K ratio=0. 7 B, AL I 100 # ROC
Mgk, WERATLUE H . ELM ik AUC{E R 1. CNN /)
AUC {H4 0. 9997, 35 1, SLIPIA 7 36 UG HE 3 47 19 43 26
PERE, SVM, BP #1 AE Jriify AUC fHt KT 0.9, £ 4
KYEREWAHT . BT 8 thdun] DU BIAETIE

®8 LHRIBRARAESLAERE
Table 8 Classification accuracy of different methods

in seven classification experiments

ratio acc_cnn acc_svm acc_bp acc_ae acc_elm
99.1241.18 98.53+1.61 97.94+1.18 95.2945.98 99.41+1.18
98.8141.15 95.64+1.34 97.82+1.92 86.73+8.18 98.61+1.34

o o o

8

7

6 99.2540.67 97.74£1.26 98.65+1.67 77.74420. 23 98. 9540. 77
.50 98.3£0.89 96.97£1.15 97.2140.9877.82£15.93 98.9140.8

1 96.1842.47 93.6742.87 95.08+1.57 79.1412. 87 97.89+0. 86

3096.1£2.27 93.25+1.59 93.59+2.42 72.03£7.59 97.66+=1.05

2 93.94+1.1 91.06+1.6 91.14+3.2178.26410.1797.424+1.08

o o o o

ROC curve
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0.8 1

0.6 1
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7
Z
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e
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B 5 ratio=0.7 Bf£ 4 XKW ROC # £
Fig. 5 ROC curve of seven classification

experiment when ratio is 0. 7
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Table 9 Classification accuracy of different methods

in eighteen classification experiment

acc_bp acc_ae acc_elm

99.1640. 75 88.69+2.22 90.84+1.86 89.0746.52 80.8443.4
99.3740.45 87.3841.0 90.73+2.86 95.33+1.87 78.5543.9
98.0+0.32 86.9+1.29 90.71+1.78 91.1+4.31 86.1+1.19

8
7
6
0.5 97.81+0.6 84.8+1.08 86.76+4.25 88.06+7.01 88.25+0.87
4
3
2

ratio acc_cnn acc_svm

96.17+0.23 82.71+2.14 85.23%5.76 83.41+£4.63 90.3+1.22
94.55+1.61 80.41+1.73 83.8643.31 80.41+4.84 88.22£2.28
89.03+£1.92 76.59+2.48 81.2+2.86 74.4843.75 85.88+1.66
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4
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0.8 88.13 3.37 28.52 27.91 2.29 _? 0.61 ///
0.7 80.03 2.7 27.91 27.2 194 Z 7
o
0.6  73.06 2.16 27.09 26.47 1.45 o 047 " —— ONN(AUC=0.9965)
= ’ —— SVM(AUC=0.9759)
0.5 64. 41 1.67 26.08 24.51 1. 14 = e BP-3layers(AUC=0.990 6)
- 0.2 1 e Autoencoder(AUC=0.987 5)
0.4 56. 91 1. 16 24.62 23.96 0.75 e ELM(AUC=0.983 7)
0.3 50. 68 0.71 24.52 22.02 0.5 0 s — =~ dawb
0.2 26.13 0.39 23. 26 23.28 0.28 T T T T T T
— — — — — 0 0.2 0.4 0.6 0.8 1.0
ratio  itime_cnn itime_svm itime_bp itime_ae itime_elm False positive rate
0.8 0. 04 0.41 0.01 0.01 0.1 6 ratio=0.2 -+ J\ 4> % ROC # 2
0.7 0.05 0.56 0.01 0.01 0.18 . . .
Fig. 6 ROC curve of eighteen classification
0.6 0.07 0.67 0.02 0.02 0.28 X .
0.5 0.09 0.77 0.03 0.03 0.41 experiment when ratiois 0. 2
0.4 0. 06 0.79 0.03 0.03 0.62
0.3 0.1 0.76 0.03 0. 04 0.85 FHT 25 5 i NIR S50 4387, %0 4 R 0 2% 2 B A B B B R
0.2 0. 08 0. 68 0. 05 0. 04 1.09 FORT FRERZE R 5 ) AT R A SIS . (R A0 AT LR 42

5 RN AR AR I AUC {1 455 K. TIE W1 3% 26 77 3% 4R 4008 &
NIR St 500 i 43 2 Hoep . CNN RS 3673 5k AUC (.
IR — A £ B IE W] T CONIN B 75 2 43 3 o o 2 7 1 19 1)
B,

4z ®

BEFF T LA T SR A A 0 — 2 TR B2 2 R R 25 R

References

oAb B 7 ¥ X0 2 i NIR 088 20 Hr B0 52 Wi . 5 24 1 dwe A 7 %
tbdn: SVM, BP, AE, ELM R kgt f1 X} b, 78 KM, 224
fi 22T R NTR S8 00 52 56 vh JRUAS T S8 R 0 4 2K v AR R D R4
B R B . — 2 T o AL ) 4 A R S R B R AR, AR
F SVM F1 ELM 53k, B G 18 F 3 .

[1] MaHL, Wang ] W, Chen Y J, et al. Food Chemistry, 2017, 215; 108.
[2] LéeL M M, Eveleigh L, Hasnaoui I, et al. Journal of Pharmaceutical and Biomedical Analysis, 2017, 138; 249.

[37 Xue] T. YeL M. LiC Y. etal. Optik. 2018, 170; 30.

[ 4] Risoluti R, Materazzi S, Gregori A, et al. Talanta, 2016, 153; 407.
[ 5] Deconinck E, Sacré P Y, Coomans D, et al. Journal of Pharmaceutical and Biomedical Analysis, 2012, 57 68.
[ 6] ZHANG Wei-dong, LI Ling-qiao, HU Jin-quan, et al(ik 145, ZZR Ty, #4 %, %), Chinese Journal of Analytical Chemistry (43 #7 4k

%), 2018, 46(9) . 1446.

[ 7] Yang H H, Hu B C, Pan X P, et al. Journal of Innovative Optical Health Sciences, 2016, 10(2): 1630011.

[ 8] Lecun Y, Bengio Y, Hinton G. Nature, 2015, 521(7553): 436.

[ 9] Nassif A B, Shahin I, Attili I, et al. IEEE Access, 2019, 7: 19143.

[10] Lai D, Tian W, Chen L. Pattern Recognition, 2019, 88. 547.
[11] LU Meng-yao. YANG Kai. SONG Peng-fei, et al(£ 4%, 17

Br), 2018, 38(12): 3724.

dl. KWK, 2. Spectroscopy and Spectral Analysis(OGi2E 5614y

[12] Acquarelli J, Laarhoven T V, Gerretzen J, et al. Analytica Chimica Acta, 2017, 954 22.
[13] Srivastava N, Hinton G, Krizhevsky A, et al. Journal of Machine Learning Research, 2014, 15(1); 1929.



%11 4 AL E PN 3613

Deep Convolution Network Application in Identification of Multi-Variety
and Multi-Manufacturer Pharmaceutical
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Abstract As near infrared spectroscopy (NIR) has many advantages, such as high efficiency, being non-destructive and envi-
ronment-friendly and on-site detection, it is especially suitable for rapid modeling and analysis of drugs. However, there are
some shortcomings such as weak absorption intensity and overlapping bands. It is necessary to establish a robust and reliable ch-
emometrics model to analyze NIR. Deep convolution neural network (DCNN) is an important branch of deep learning method,
which extracts data features layer by layer, combines and transforms them to form higher-level semantic features. It is widely
used in computer vision, speech recognition and other fields, and has achieved great success, but has not been reported in drug
NIR analysis yet. Based on the deep convolution network model, this paper studies the multi-class modeling of drug NIR. Ac-
cording to the characteristics of drug NIR data, several one-dimensional deep convolution network models for multi-class and
multi-manufacturer drug NIR classification are designed. The overlapping arrangement of convolution layer and pool layer in the
model is employed to extract NIR data features layer by layer, and the output layer is connected with the softmax classifier to
predict the classification probability of NIR data. Before the output layer, the global maximum pooling layer is used to solve the
problem of restricting the size of input dimension and too many parameters in the full connection layer. At the same time, batch
normalization and dropout are introduced in the network model to prevent the gradient vanishing and reduce the risk of network
overfitting. The impact on the modeling effect with different convolutional network layers and different convolution kernel sizes
is analyzed. At the same time, the influence of five classical data preprocessing methods is explored. Taking NIR samples of ce-
fixime and phenytoin tablets as experimental datasets, a multi-class and multi-manufacturer classification model of drugs is estab-
lished. The model achieved good classification results in the experiments of binary-classification and multi-classification. In
eighteen classification experiments, when the ratio between training set and test set was 7 * 3. the classification accuracy was
99.37+0. 45, which achieved better classification performance than SVM, BP, AE and ELM. At the same time, inference
speed of deep convolution neural network was faster than SVM and ELM, but training speed was slower than both. A large
number of experimental results showed that the deep convolutional neural network can accurately and reliably distinguish the NIR
data of multi-class and multi-manufacturer drugs, with good robustness and scalability. The proposed method can also be ex-

tended to the application of NIR data classification in tobacco. petrochemical and other fields.
Keywords Deep convolution neural network; Near infrared spectroscopy; Pharmaceutical discrimination; Multi-classification
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