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Cucumber leaf disease detection based on Siamese multi-scale dilated cap-
sule network

ZHANG Shan-wen, XU Xin-hua, QI Guo-hong
(School of Electronics Information Engineering, Zhengzhou SIAS University, Zhengzhou 451150, China)

Abstract: In cucumber leaf disease detection, the traditional methods are simple but low detection accuracy, and they
are difficult to deal with the various diseased leaf images. Deep convolution neural networks ( CNNs) have high detection ac-
curacy, but they rely on a large number of training samples, and the training time is long. A cucumber leaf disease detection
method based on Siamese multi-scale dilated capsule network (SMSDCNet) was proposed. It integrated the advantages of Sia-
mese network, dilated convolution network and capsule network (CapsNet). In SMSDCNet, the multi-scale dilated convolu-
tion inception module was introduced into CapsNet to construct the two sub-networks for Siamese multi-scale dilated capsule
network model, then the multi-scale discriminant features were extracted and vectorized. Finally, the capsule vector with spa-
tial location information was obtained through the dynamic routing algorithm for detecting and recognizing cucumber leaf disea-

ses. SMSDCNet overcame the problems of deep convolutional networks that required a large number of training samples, long

training time, and sensitivity to rotation and affine

Wr#s B 87 :2022-11-12
EE&UH: HEAARBEES I E (62172338) ;1 7 4 BHEL T RHE
YT H (222102110134 ) 5 VI FE 44 = 55 24 A% 5 BHIF 00

transformation, and overcame the problem that multi-scale

convolutional networks required more training parameters.

H (22B520049) Disease detection experiments were conducted on a small
TEERN K0 (1965-) , B Bepupide A -4 28, FEMEA cucumber disease leaf image dataset. The detection accuracy
TR RETEAT HEAR D P B N B SE . (E-mail) wjdw716 @ was more than 90%. The results showed that the proposed

163.com method could detect cucumber leaf disease with small train-
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ing sample set, which provided a new method for disease detection under the condition of limited training samples.

Key words:
multi-scale dilated capsule network ( SMSDCNet )
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Fig.1 Images of cucumber leaves infected with different diseases
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Fig.5 Architecture of Siamese multi-scale dilated capsule network ( SMSDCNet)
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Fig.6 Cucumber disease recognition based on SMSDCNet
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