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Based on Near Infrared Spectroscopy Combined with Data Enhancement CNN Algorithm Origin Traceabil-
ity Method of Angelica Dahurica

GUO Zhaohua', WEN Shizhao®, LI Sifan’, WANG Qi’, WANG Yingxin*, WANG Xinguo', NIU Liying*,
LI Yawei’* , FENG Wei* (1. China Electronics Technology Group Corporation Network Communication Research Institute, Shiji-
azhuang 050050, China; 2. School of Statistics and Data Science, Nankai University, Tianjin 300192, China; 3. Northeastern Universi-
ty, Shenyang 110167, China; 4. Quality Evaluation & Standardization Hebei Province Engineering Research Center of Traditional
Chinese Medicine, School of Pharmaceutical Sciences, Hebei University of Chinese Medicine, Shijiazhuang 050091, China; 5. Liaoning
Academy of Analytical Sciences, Liaoning Inspection, Examination and Certification Centrer, Shenyang 110032, China)

ABSTRACT: OBJECTIVE To establish an origin classification model of Angelica dahurica with unbalanced sample size based
on near-infrared spectroscopy combined with data-enhanced convolutional neural network( CNN) algorithm. METHODS In this
study, 95 samples of Angelica dahurica were collected, and near-infrared spectroscopy was performed on different samples within
the wavelength range of 12 500 to 4 000 c¢cm ~'. The near-infrared spectroscopy dataset of Angelica dahurica used in this study
faces issues such as small sample size and uneven distribution of sample origins. To enhance the generalizability of the model,
three data augmentation algorithms were proposed, including spectral shifting, spectral noise addition, and spectral combination.
Additionally, to address the problem of sample imbalance, Focal Loss was used as the loss function for training the CNN model.
RESULTS The three data enhancement algorithms were applied to the SVM model. Adding Gaussian noise with a signal-to-
noise ratio of 20 to the spectral data had the best effect, which could increase the accuracy of the model to 84. 2% . Aiming at the
problem of sample imbalance, Focal Loss is used as the loss function to train the CNN model, and the accuracy rate can reach 94. 7% .
CONCLUSION The infrared spectroscopy combined with data-enhanced CNN algorithm provides a rapid and non-destructive detec-
tion method and reliable data analysis method for the origin traceability of Radix Angelicae Dahuricae, and provides a new method ref-
erence for the origin traceability of Chinese medicinal materials.

KEY WORDS:: near infrared spectroscopy ; Angelica dahurica; origin traceability; data enhancement; convolutional neural network
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Fig.1 Image of near infrared spectral data set of Angelica

dahurica

R1 pgitRastBEEEXNI2ER

2.2 FARXR

ARSI R A SPXY JL9 25 AT RO R AR
SPXY SN 1& THEAR Z M B G R, ik %
JETHEAS T I i R B A5 B BRI, SPXY 33k
BT R R REA 5 AR AR A B BE B, 285 AR A
PSR/ INHIVREAS T T 1) 24 5L 2 B — 7 i P e
Ao XMREAS LB M ] LRI RAR S5 R A B
7 2. A SPXY B3k, BT M P i) B g 2 AL
A1 ~3,

4.(P.Q) =/ (5, -x,)° AR(1)

d,(P,Q)=/(y, -y =ly, -y, 23(2)
d (P,Q) d,(P,Q)

dsry (P, Q) :max[dx(P,Q)] +max|:d)(P,Q)]

AR(3)

Horp,d (P, Q) & (2P NEEA P, Q 7EFFAE
2] X IR R, v, 5o, 0 IDRFEAS PLQ FE5 )
4 b HRFAEMEL; o, (P, Q) i & A2 PN EEAS PLQ 1Y
XM P,Qe [1,n] ,P#Q MR ILFE 1,

Tab.1 Division results of near infrared spectral data set of Angelica dahurica

Dataset indicators Value Dataset indicators Value
Total number of samples 95 Category distribution [8,9,23,55]
Proportion of test set 0.2 Training set sample distribution [5,7,18,46]
Number of samples in training set 76 Test set sample distribution [3,2,5,9]
Number of samples in test set 19 Sample dimension 2203
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Tab.2 One-dimensional convolutional neural network structure

Number of layers Structure

1 1D convolutional kernel (1,16,21)
2 Batch normalization
3 Relu activation function
4 1D convolutional kernel(16,32,19)
5 Batch normalization
6 Relu activation function
7 1D convolutional kernel (21,64 ,17)
8 Batch normalization
9 Relu activation function

10 Fully connected(137 536,512)

11 Fully connected(512,4)

12 Softmax

TE:— AR (1,16,21) JORMALER N 1 fith 41 16, B R/ 21,
HeAh 2R padding 5k 0, 2K 1, HoR BUZH CHITA.

Note : 1D convolutional kernel of (1,16,21) indicates an input dimension of 1, an out-
put dimension of 16, and a kernel size of 21. Other parameters such as padding are set

to 0, and stride is set to 1. Other convolutional kernels follow the same format.

Conv
Input image 1x16x21

Q000

}

FCl
B2 ID-CNN R 4#HrER
Fig.2 1D-CNN network structure diagram
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Tab.3 Data set information of Angelica dahurica origin classification after data enhancement

Dataset indicators Value Dataset indicators Value
Total number of samples 171 Category distribution [13,16,41,101]
Number of samples in training set 152 Training set sample distribution [10,14,36,92]
Number of samples in test set 19 Test set sample distribution [3,2,5,9]
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Tab.4 Experimental results of Angelica dahurica origin classification based on sample enhancement algorithm

Serial number Classifier Sample augmentation algorithm 0A%) kY Fy ,14) Fy .24) F, ,34) F, .44)
1 SVM None 0.579 0. 348 Nan®) 0.571 0. 286 0.762
2 SVM Left_11) 0. 632 0.442 Nan’) 0. 667 0. 600 0.737
3 SVM Left_5 0.737 0.582 Nan®) 0. 800 0. 667 0. 857
4 SVM Right_1 0. 684 0.525 0. 500 0. 667 0. 667 0.737
5 SVM Right_5") 0. 684 0.532 0. 500 0. 667 0. 600 0.778
6 SVM Noise_402) 0.737 0. 609 0. 800 0. 800 0. 600 0.778
7 SVM Noise_60 0. 632 0. 435 Nan®) 0. 800 0. 545 0.737
8 SVM Noise_20 0. 842 0. 766 0. 800 1. 000 0.833 0. 824
9 SVM Linear combination?) 0. 632 0. 425 Nan’) 0. 800 0. 600 0. 700

D Lefi ] JTRB ISR A 72 PR 1 A UK R, Right_S ORI A4 F8% 5 MK AT %) Noise_40 FER [ 615 18 35 o AN (5 MR Ho ly SNR =40 (19 725 37058
733 Linear combination %f R 2. 2. 3" 30 425 (1 [R12E F e b AR R AL A 107154 1 AT, OA FUR BRI IEHR, « 7R Kappa R, Fy ;(i=1,2,3,4) 435
FoRBREEM TTRIEM VU3 T AL E 4 A2 F D) Nan F3 t THE— IR B 56 543 I 510 O T 80 F fEGE 4

Note: D Left_1 indicates shifting the spectral vector one wavelength point to the left, while Right_5 means shifting the spectral vector five wavelength points to the right;

2)Noise_40 refers to adding Gaussian noise with a signal-to-noise ratio of 40 to the spectral vector; 3)Linear combination corresponds to the method of linear combination of

spectral vectors from the same category mentioned in section “2.2.3”; *)In the first line, OA represents the overall classification accuracy, Kappa coefficient is a statistical

measure of prediction accuracy, representing the values for the four geographical origins; Bozhou in Anhui, Yuzhou in Henan, Suining in Sichuan, and Anguo in Hebei;>)

Nan indicates that the value cannot be calculated due to both precision and recall being zero for a particular category.
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A - comparison of accuracy and Kappa coefficient; B — comparison of F1 coefficients.

=3 Bozhou, Anhui
1.04 *® Yuzhou, Henan
E=23 Suining, Sichuan
X3 Anguo, Hebei

F1 Score

5
Y
9
o
b
o
g9
o
2
9
49
9
9
9
99
18

3 M ENL(SVM) BALF F B4R 3R 7 ik b 0 KR

Fig.3 SVM model-comparison of classification results of different data enhancement methods
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Tab.5 Experimental results of Angelica dahurica origin classification based on sample enhancement algorithm and Focal Loss

Serial number Classifier Sample augmentation algorithm none K Fia Fi, Fys Fia
1 SVM Noise_20 0. 842 0. 766 0. 800 1. 000 0. 833 0. 824
2 CNN None 0.789 0. 660 Nan 1. 000 0. 800 0. 857
3 CNN Left_1 0.789 0. 692 0. 800 0. 800 0.727 0. 824
4 CNN Left_5 0. 842 0.765 0. 800 0. 800 0. 800 0. 839
5 CNN Right_1 0. 895 0. 847 0. 800 0. 800 0.909 0.941
6 CNN Right_5 0. 842 0.770 0. 800 1. 000 0.769 0. 875
7 CNN Noise_40 0. 947 0.919 0. 800 1. 000 1. 000 0. 947
8 CNN Noise_60 0. 842 0. 775 0. 800 0. 667 0.909 0. 875
9 CNN Noise_20 0.789 0. 705 0. 500 0. 500 1. 000 0. 875

10 CNN Linear Combination 0. 895 0. 837 0. 800 1. 000 0. 889 0. 900
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A — comparison of accuracy and Kappa coefficient; B — comparison of F1 coefficients.
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Fig. 4 CNN model-comparison of classification results of different data enhancement methods
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