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Fig. 1 Model structure

BT P e 23 3 3R PR IOR BR300y AR 5 . RN RS bR 485 o VR0 B I B BE BRI B A, TR 22 0
PR G R 2, s, R R —HWR A B HABE o (R X T o T 2, $0E SO E I IEFEA S
P M0 2, e SO E R AR . 1SS 3 o A BT 30T iy A B R Y TE R AR A BE B HETT S B R B
AR 22 [] 1 B Ok 8 B RE A 11 B A00RL BE R AR 2% ) (M RE T . BEALTE N SR I BR T, bn i i PR BRE AR AR 2 1 B B 4k
i — e g AR Horb  ZE R AR IR T B i, P53 e A s 10 58 ik A sl 7 A R L 3 e 288 T A b 4%
EIHERIR . S E R, B AR 0 o bR 2 80wk A B B Bl R AR AR BRI B E AR A R BRE 2
AP HABREA R ]y AL A FEAT P 2R TH 0. BT AR AR 2 ) i A v RO T I 8 A B[R] L GRS R R T A
B B R A R Ak B i UAE B . RS TE R A R R A 2T 55 R 2 RN S8
1.2 BEEEHR

H W58 % > (self-supervised learning, SSL)JEA b 432 2 Fl2z 20 96 X0 % 2% >0 FIAE itk 2% ) . X2z )



%3 #ALEETE R EN S NFERHREE R 91

3 3t 2% 20 X 2 A Y A RSO [ 0 77 G 5 ok e SR AR L A A 2 S 3 1 S g T R A5 A R AR A [ (1
R SE R IS VE R G 2 H P g G R 2 ) A R AR A T Oy S T ARG I RS, 2 M
KT A B A 2 ) G T A X AR B A £ L BIACT — A InfoNee 501 i 13 AR H
RE % 4 Ml 27 > 2 1] F (00 T W7 25 () ORI B . 1 B AN ] 2 s .

FHIESR IR

2 BEE&RH

Fig. 2 Self-supervised model diagram
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Fig. 3 All types and partial leaf images in the dataset
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Fig. 5 Partial images after data augmentation operation
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Tab.2 Experimental environment
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BIERS Windows 10 64 fi
WG T Python 3. 6.5
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Tab.3 Verification set classification accuracy
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Tab.4 Results of ablation experiment
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SSDANet 84.83% 84.39% 83.36% 91.31%
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Fig. 6 Accuracy curve of each model
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Tab.5 Performance of each model

WA FE B
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P R F1 T aee

AlexNet 71.02% 63.89% 66.23% 76.69%
GoogleNet 74.55% 68.52% 70. 74 % 79.89%
VGG16 75.69% 76.04 % 72.79% 81.06%
DenseNet121 78.23% 78.02% 76.61% 87.85%
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SSDANet 84.83% 84.39% 83. 36 % 91.31%
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Apple Leaf Diseases Recognition Based on Deep Learning

CHENG Chao', LU Jia"*, FAN Yazhou'

(1. College of Computer and Information Sciences, Chongqing Normal University;
2. Chongqing Digital Agriculture Service Engineering Technology Research Center, Chongqing 401331, China)
Abstract; Aiming at the difficulty of apple leaf disease recognition under actual agricultural production environments, a recognition
model is proposed based on self-supervised domain adaptive network. This model first introduces the dynamic domain adaptive
method. Through the joint training of crop leal image source domain and target domain data set, the domain deviation from the
source domain to the target domain is reduced, and the generalization ability of the pre-trained model in the target domain is
enhanced. Secondly, a self-supervised module is added and a contrast loss is introduced to make the model learn more detailed
representation information of the lesion area in the feature space, so as to effectively enhance the ability to distinguish similar
symptoms and improve the classification performance of the model. The model was tested on a public apple dataset with complex
backgrounds, and the experiment showed that the average recognition accuracy of this model for various diseases reached 91.31% ,
achieving high classification accuracy. Compared with other popular convolutional neural network methods, the experimental results
of this model have shown some improvement, verifying the effectiveness of the proposed model in identifying apple leafl diseases in
actual production environments.

Keywords: apple leaf disease recognition; domain adaptive; self-supervised; contrast loss
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