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A B C ‘D
A BB R Morindae officinalis; B: U Eaglewood; C:)” i Fingered citron; D: % Tangerine peel; E: {11 & Polygonum multiflo-
rum; F:J 77 Cablin patchouli; G : fEA% 4L Tomentose pummelo peel; H: FAZEA Villous amomum fruit.
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Fig.1 Leaf of southern medicine image samples
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A Original image; B: %} HJEE 358 Contrast enhancement; C: 851 fl % Mirror flip; D: & 58] Gaussian blur; E : /f 454t Affine

transformation.
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Fig.2 The effect picture after data amplification processing
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Fig.3 Structure of MBConv and Fused-MBConv
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A Pk ET Y EfficientNetv2-S % 2% 45 #4 [8] The structure of Effi-
cientNetv2-S network before improvement; B: 2 #f J5 #9 Efficient-
Netv2-S 45 45 #) 8] The structure of EfficientNetv2-S network after
improvement.

B 4 BT ER) EfficientNetv2-S M 4588 254 37 th &

Fig.4 Comparison of the structure of EfficientNetv2-S

network model before and after improvement
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architecture

Fi-Be PR % 2%

Stlage B8R Operator Sfride Chann%is Layé:is
0 Conv3 X3 2 16 1
1 Fused-MBConv k3X 3 1 16 1
2 Fused-MBConv k3 X3 2 24 2
3 MBConv, k5X5, SE0.25 2 40 2
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am 2 A DS RBCE ML~ R R B
A= (D)~ R,

m,:,@lm,,lﬁ—(l—ﬂl)g (1)
v,:ﬂzv/71+(1*ﬂz)g2 (2)
varriable = varriable — r,m,/( v, + 6) (3)

(D ~(3) 1, m, RT3 246 FE A — B e HiF
THE, v THE D S b B2 V- J7 B — B e 80 W 1, g 4
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Improved EfficientNetv2-S training flow chart
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Fig.5
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—a— Adagrad
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—a— Adam
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Influence of learning rate tuning on accuracy(A)and loss value(B)
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435 h 96.84% . 97.40% F197.97 %, = H R AT,
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435124 0.105 5,0.075 36,0.002 59 Fl 1.502, 4% %
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2¢ —#«— RMSprop
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Fig.7 Comparison of the results of accuracy(A) and loss values(B) of the model under different optimizers
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Table 3 Comparison of the results with different kinds of different mode
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Classification of leaves of multi-variety southern traditional Chinese
medicine based on improved EfficientNetvZ2 model

SUN Daozong"*, LIU Jinyuan', DING Zheng',LIU Huan',
PENG Jiajun', XIE Jiaxing"?, WANG Weixing"*

1.College of Electronic Engineering(College of Artificial Intelligence) ,South China Agricultural
University, Guangzhou 510642, China;
2.Guangdong Engineering Research Center for Monitoring Agricultural Information,
Guangzhou 510642, China

Abstract For the application of deep learning in the field of Chinese herbal medicine, especially in
the field of southern Chinese medicine, the complex background will reduce the accuracy of recognition.If a
complex network structure is used, high computing power is required to support training and detection, but
the actual embedded or mobile devices are difficult to meet, which affects the effect of on-site detection.
This article proposed to improve the EfficientNetv2 network model to classify and identify 8 kinds of south~
ern Chinese medicine leaves in the complex background collected in the field. The network structure was re-
designed. The scope of the Fused-MBConv and MBConv architectures was adjusted. Some 3X3 convolu-
tional kernels were replaced with 5X5 convolutional kernels to increase the perceptual field size, reduce the
number of convolutional layers of the network, and to further reduce the network complexity.The transfer
learning was introduced to train the model. The adaptive moment estimation optimization algorithm was
used to optimize the hyperparameters with multiple tests to determine the learning rate. MultiMarginl.oss
was selected as the loss function to solve the problem of complex background information affecting the accu-
racy of recognition. The diversity of the data set was increased and the problem of model over-fitting was
avoided by adopting data augmentation methods including affine transformation and Gaussian blur and other
methods to the experimental data set to improve the stability of the model training process. The results
showed that the model improved achieved 99.12% accuracy in recognizing the image of southern Chinese
medicine leaves with complex backgrounds, 1.17% more accurate than the baseline model EfficientNetv2-
S.The size of parameters was reduced by 85% approximately. The average training time was reduced by
47.62%. The improved model had significant advantages in model storage space, accuracy, and training
time, comparing with lightweight models including DenseNet121, ShuffleNet, and RegNet.It is indicated
that the model proposed performs well in classifying leaves of multi-variety southern Chinese medicine. The
lightweight degree and performance of the model are further improved.

Keywords image recognition; leaves of southern traditional Chinese medicine ; variety identification ;
convolutional neural network ; improved EfficientNetv2 network ; hyperparameter optimization
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