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Abstract

crop diseases and insect pests is not idea, so that we used deep learning technology combined with transfer learning method to identify common

(Institute of Agricultural Economics and Information, Anhui Academy of Agricultur-
Rice disease is one of the most important factors affecting rice yield. The effect of traditional machine learning method to identify

rice diseases.The classical models were adopted, such as VGG, ResNet, DenseNet, InceptionResNet and Xception to compare the perform-
ances on new task and select the Xception model as the final model based on the accuracy and stable performance. The results showed that the
recognition accuracy of DenseNet, InceptionResNet and Xception model could reach more than 97%. In particular, Xception model could not
only achieve the highest recognition accuracy of 98.50% , but also was the most stable of these models. This study explored the best model for

rice diseases intelligent recognition task and showed the effectiveness of using transfer learning method to solve new task.
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Table 1 Comparison of sample amount of the 6 kinds of common rice

diseases
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Table 2 The highest precision rate of the transfer learning of models

s e o
Code Model Precision rate // %
1 VGG-16 93.49

2 VGG-19 90.18

3 ResNet50 96.09

4 ResNet101 77.05

5 DenseNet121 98.44

6 InceptionNetV2 97.69

7 Xception 98.50
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