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Identification of Grape Leaf Diseases Based on
Multi-scale Residual Neural Network

HE Xin, LI Shuqin,LIU Bin
(College of Information'Engineering , Northwest A&F University , Yangling, Shaanxi 712100, China)

[ Abstract] Diseases of different degrees in grape leaves show a certain degree of similarity. At present, the grape leaf
diseases identification is. mostly the identification of disease types, there are few studies on the identification of different
degrees of diseases, and the recognition accuracy rate needs to be improved. In this paper, a Multi-Scale ResNet based
grape leaf disease recognition method is proposed. Mask R-CNN is utilized to extract grape leaves, and multi-scale
convolutions are introduced to improve the response of the underlying ResNet to different scales of features.Then SENet
is introduced to enhance the feature extraction capability of the network.Finally, images are input to Multi-Scale ResNet
for identification. Experimental results show that compared with, that of the original ResNet, the average identification
accuracy of the proposed method is improved by 2.87 percentage points,reaching 90.83%.

[ Key words] residual network ; identification of diseases; Mask R-CNN network ; multi-convolution combination ; recognition
accuracy
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Fig.1 Sample images of eight grape leaf diseases
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Table 1 Composition of experimental dataset
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Fig.2 Schematic diagram of bilinear interpolation method
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Table 2 Structure comparison between original ResNet18 and improved ResNetl18
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Table 4 Comparison of recognition accuracy of different methods
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Table 6 Effect of convolution kernel number on recognition accuracy of the proposed model
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