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A lightweight CNN model for image recognition of crop disease

MENG Liang, GUO Xiao-yan, DU Jia-ju, SHEN Hang-chi, HU Bin
(School of Information Science and Technology, Gansu Agricultural University, Lanzhou 730070, China)

Abstract: The traditional convolutional neural network ( CNN) model cannot be applied to occasions with limited
hardware conditions due to the large amount of training parameters. This research proposed a lightweight CNN model for
crop disease recognition, which could simplify the model structure and expand the applicable scenarios under the condition
of ensuring the accuracy of model recognition. A deep convolution module was designed as the basic convolution unit, and
two deep convolution modules and a batch normalization layer were used as the residual units. A lightweight CNN model for
crop disease recognition was designed with the residual unit as the basic element. The total recognition accuracy of the mod-
el on the training set was 99. 33%, and the total recognition accuracy on the test set was 98. 32%. Compared with the tradi-

tional models such as VGG16, the lightweight CNN model has higher recognition accuracy, faster recognition speed and less

memory occupation.
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Fig.1 Display of diseased leaves in data set
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Fig.2 Structure of deep convolution block
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Fig.6 Change curve of recognition accuracy of training set
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