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Abstract: There are many types of rice diseases, and the corresponding disease spot features of the collected
images are complex and illegible. The reason is that the characteristics of the lesions occurring in leaves, stems,
panicles and other parts are different at different growth stages of the same kind of rice diseases, while there are
similar lesions in different types of diseases, which bring great difficulties to the accurate recognition of rice
disease images. The purpose of this paper is to recognize the typical rice disease. Based on the deep learning
technique, the recognition method for eight rice diseases is put forward. Firstly, the rice disease database of 1260
images is established. Secondly, based on the Caffe deep learning platform, the deep convolution neural network
model is constructed through fine-tuning. Finally, eight kinds of common rice diseases images by data
augmentation, which are collected in natural scenes, are input into the network model for training and testing. The

experimental results show that the proposed method can effectively identify main rice diseases. The recognition
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accuracy of rice sheath blight is 93% under limited images. Unlike other methods which focus only on rice leaves

or panicles, the proposed method in this paper can recognized the multi-plant rice scene image. The proposed

method can offer a technical support for remote automatic diagnosis of rice diseases.
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Table 1 The features description about 8 kinds of rice diseases
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Table 2 Image numbers of 8 kinds of rice disease
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Table 3 The original image of rice disease and the feature map extracted from the first convolution layer
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Table 4 Recognition accuracy when training number = 720 and test number = 167
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