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Fig.3 The framework IAR-GAN
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Fig.4 Sampling position of standard convolution (A)and dilated convolution(B,C)
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Fig.5 Sampling position of standard convolution(A) and deformable convolution(B-D)
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Fig.6 The structure of DDCNN
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Table I Accuracy rate of disease

recognition results with two-stage image

segmentation methods %
- Ji s PG B P By B 4
il .
Raw diseased Two-stage segmented
Model . L
leafl images lesion images
C-DCGAN+VGG16 72.66 84.67
SVM 53.11 73.21
kNN 46.82 77.81
Adaboost 41.98 62.98

M LRIE H, TEie R R 2 2] ik L el
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Table 2 Disease recognition results with different data
augmentation methods %
WERf 2R Accuracy SR
Selpr o | oo
Dataset g gem e
) L . Downy Average
augmentation  Anthracnose ~ Spot target .
mlidew accuracy
i ok :
I 78.33 72.89 75.67 75.63
Raw dataset
AB 78.17 76.59 74.69 76.48
RT 79.67 76.33 80.97 78.99
C-DCGAN 82.67 81.13 83.67 82.49
AR-GAN 84.98 85.31 84.67 84.99
IAR-GAN 90.67 87.67 86.67 88.34

1 - AB R 7 B 5L % (adjust brightness) , RT 27 Jié % 157
# (rotation and translation) , C-DCGAN & 7 25 4 36 B A 1t Bt 9
#% . Note: AB represents adjust brightness, RT represents rotation
and translation, and C-DCGAN represents conditional convolution

to generate confrontation network.
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GAN A= ORI N 45 b B B2 il TAR-GAN #4708
HaTAE 3 o ARG R R T 2
AE SR R X MR T B RIERS 5 H TAR-
GAN A ORHIT I 25 be B 42 TAR-GAN #4758
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Table 3 Disease recognition results with
combination of IAR-GAN and traditional

data augmentation methods %
. HEW 2 Accuracy AL
st —— T
Dataset g polg
p ati . Downy Average
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ABTLIAR_ 93.59 89.95 90.31 91.28
GAN
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fr 95.66 92.21 92.57 93.48
GAN
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P AR 1G 7 07 vk VR Y R S FE I BOR B4y . ik
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Recognition of cucumber leaf disease with small samples in complex
environment based on improved Inception network

MAN Chao'*,RAO Yuan',ZHANG Jingyao’, QIAO Yan’, WANG Shenghe”

1.School of Information and Computer , Anhui Agricultural University, Hefei 230036, China;
2.Anhui Academy of Public Security Education, Hefei 230031, China;
3.School of Computer Science and Information Engineering , Hefei University of Technology,
Hefei 230601, China

Abstract In order to solve the problems of poor generalization ability and low recognition accuracy in
the identification of cucumber leaf disease with small samples under complex field environment, the self-at-
tention mechanism module was introduced into the activation reconstruction network AR-GAN (activation
reconstruction GAN) , and the smooth 1, regularization was used as the loss function to design and im-
prove the activation reconstruction network IAR-GAN (improved AR-GAN) to expand the cucumber leaf
disease image. By adding void convolution and deformation convolution on the basis of the Inception net-
work, the void and deformation convolution neural network (DDCNN) was designed for cucumber leaf dis-
ease identification. The test results showed that the proposed IAR-GAN effectively alleviated the over-fit-
ting phenomenon and enriched the diversity of generated samples. The average recognition accuracy of the
proposed DDCNN for cucumber anthracnose , spot target disease and downy mildew was more than 96 %,
which is 9% higher than the Inrception-V3 model. The above results showed that the data expansion meth-
od and disease identification model proposed in this paper can provide new ideas for the accurate identifica-
tion of crop leaf diseases with small samples in complex environments.

Keywords disease recognition; small sample; generated adversarial network; deep convolutional
neural network
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