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Abstract

Aiming at the problem that the artificial recognition of crop diseases is greatly affected by subjec-
tive factors, the traditional crop disease recognition training takes a long time and there are too
many parameters in the training, this paper proposes a method based on migration learning and
residual network model for crop diseases. In this study, we used images of 19 types of diseased
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leaves of 6 common crops as the research object to identify crop disease images. Firstly, the image
data set is preprocessed to expand the data set such as rotation, folding, random cropping, etc., to
reduce the overfitting of the network model. Based on the expanded crop disease data set, this
paper uses the Resnet-50 network model, and uses the transfer learning method to identify crop
diseases, fine-tune the parameters, and finally train and test the model. The test results show that
compared with the traditional recognition model, this method can quickly and accurately recog-
nize crop diseases, and the recognition accuracy rate is as high as 91.24%.
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Figure 1. Data enhancement
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Figure 2. Schematic diagram of residual unit
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Figure 3. Migration learning method flow
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Figure 4. Experimental results of training set and test set
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Table 1. Optimization algorithm and learning rate affect model performance
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Experiment No. Optimization algorithms Learning late accuracy/%
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4 Adam 0.001 89.41
5 Adam 0.005 87.62
6 Adam 0.01 91.24
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Table 2. The impact of training steps on model performance
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Table 3. The impact of different network models on performance
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19 ResNet-50 91.24 15 894
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