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Image recognition of tea plant disease based on convolutional neural net-
work and small samples

SUN Yun-yun', JIANG Zhao-hui', DONG Wei’, ZHNAG Li-ping’, RAO Yuan', LI Shao-wen'
(1.School of Information and Computer Science, Anhui Agricultural University, Hefei 230036, China; 2.Institute of Agricultural Economics and Informa-
tion, Anhui Academy of Agricultural Sciences, Hefei 230036, China)

Abstract: Three kinds of common and similar tea diseases including pestalotiopsis theae, tea anthracnose and tea
brown blight have been identified by the convolutional neural network (CNN) under the condition of small samples. Seven
preprocessing modes were designed and used to process original tea plant leaf disease images automatically. The classic
AlexNet network model was used to carry out the learning experiment, and the training and recognition effect was compared
and analyzed. The result showed that the accuracy of training model under mode 7 was 93.3% , and the average test accura-
cy was 90%. And the correct recognition rates of the three diseases ( pestalotiopsis theae, tea anthracnose and tea brown
blight) were 85%, 90% and 85%, respectively, which were superior to the conventional pretreatment methods in terms of
consistency between the predicted value and the true value. In the case of small samples, the proposed pretreatment method

can effectively distinguish and identify three kinds of similar diseases, and has high recognition accuracy and good perform-

ance.
Key words: tea plant leaf disease; image recognition; convolutional neural network; small samples
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Table 1 Distribution of disease image data sets of tea plant
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Table 2 Seven preprocessing modes of leaf disease images of tea plant
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Fig.5 Super-resolution image reconstruction effects of different interpolation algorithm
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