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Recognition system of tomato leaf disease based on attentional neural net-
work

LI Xiao-zhen, XU Yan, WU Zuo-hong, GAO Zhao, LIU Lin
(School of Electronic Information Engineering, Shandong University of Science & Technology, Qingdao 266590, China)

Abstract: The convolutional neural network based on attention mechanism was proposed to construct tomato leaf dis-
ease recognition system. According to the attention mechanism, a parallel attention module was constructed to improve the
feature extraction ability, and combined with the residual structure to construct a PARNet model. The images of healthy
leaves and leaves suffering from early blight, late blight, leaf mold, leaf blight and mosaic virus were used as research ob-
jects. Compared with other models such as VGG16, ResNet50 and SeNet the recognition rate of the PARNet model was in-
creased by 2.25%—11.58%. The accuracy rate of various prediction results was 96. 84% on average. Flask was used to
complete the development of WEB application program, and the cross-platform tomato leaf disease recognition was realized.
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Fig.1 Image of tomato leaf diseases
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Fig.4 Network structure of the model constructed in this study
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Table 1 Recognition rate and parameter amount of different models
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Table 2 Confusion matrix of prediction results of ResNet50, SeNet and PARNet models
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