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Abstract:  Aiming at the problems of high cost, low efficiency, time extension and so on for manual diagnosis of
corn diseases, a corn disease identification network TFL-ResNet based on deep residual network was proposed. The TFL-
ResNet was based on the ResNet50. Firstly, the focal loss function was introduced to make the model focus on disease sam-
ples which were difficult to classify. Secondly, the parameters of ResNet50 trained in PlantVillage data set were migrated to
the improved network to complete the construction. The corn disease data set used in this study involved four labels ; healthy
plants, leaf blight, gray leaf spot and rust. Rotation, flip, translation and other operations were used to enhance and expand
the data set. Compared with VGG16 and other control models, TFL-ResNet had faster convergence speed and better classifi-

cation effect. The average recognition accuracy of TFL-ResNet was 98.96%. By observing the model evaluation indicators

such as precision rate, recall rate, confusion matrix, TFL-ResNet has good robustness and generalization ability, which can
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be used for intelligent diagnosis of corn diseases.
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