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Detection of tomato leaf disease based on improved DenseNet convolutional
neural network

NIU Xue-de, GAO Bing-peng, NAN Xin-yuan, SHI Yue-fei
(College of Electrical Engineering, Xinjiang University, Urumqi 830047, China)

Abstract: Aiming at the problems of traditional image recognition methods such as difficulty in manually extracting
features, long recognition time and low accuracy, ten types of images of healthy tomato leaves and tomato leaves infected
with diseases were taken as the research objects, and a model combining transfer learning and DenseNet convolutional neu-
ral network was proposed to realize the accurate classification of tomato leaf diseases. Firstly, all image data were prepro-
cessed to modify the size, and some unbalanced samples were randomly transformed. Then, the prior knowledge learned by
DenseNet network from ImageNet dataset was applied to tomato disease image dataset, and a deep convolutional network
based on transfer learning was constructed. Moreover, the tomato leaf disease identification model was obtained by fine-tun-
ing training. The results showed that the recognition accuracy of this model was higher than that of AlexNet network, VGG
network +transfer learning and MobileNet network +transfer learning, and the test accuracy was 97. 76%. In short, the model
constructed in this study can realize the effective classification of ten types of tomato leaf disease images, and can provide
new ideas and methods for the identification technology of tomato and other crop diseases and the development of intelligent

agriculture.
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