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Fig. 2 Image preprocessing schematic
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Identification of Typical Crop Leaf Diseases Based on

Convolutional Neural Network

DING Rui, ZHOU Ping

( School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China )

Abstract: At present, the identification and diagnosis of some typical crop leaf diseases mainly rely on artificial
method, which is time-consuming and laborious. Aimed at the diagnosis of common leaf diseases of five typical
crops of soybean, cotton, rice, wheat and maize, a recognition method of typical leaf diseases of crops based on
convolution neural network was proposed. Leaf disease images of typical crops were collected from the Plantvillage
database and some other sites, and these images were pretreated to build a database of 12 836 sheets. Referring to
AlexNet framework, an eight-layer convolutional neural network was constructed, and the transfer learning training
network was adopted. Finally, the recognition accuracy and loss value of the network were verified by the test set.
The performance of different convolutional neural networks was analyzed. The experimental results showed that
the algorithm performed well in identifying typical crop leaf diseases. Under the transfer learning mode, with the
learning rate of 0.001, the recognition accuracy of the algorithm in the training set was about 99.47%, and about 96.18%
in the test set.

Keywords: convolutional neural network; crops; leaf disease identification; AlexNet; migration learning

©0000000000000000000000000000000000000000000000000000000000 00

(L35 66 )

[14] ThA& AR B A B AR R [J]. R Tl Processing Industrialization[J]. Journal of Hunan
Kez2Edl, 2011, 25(5): 62-65. University of Technology, 2011, 25(5): 62-65.

MA Dongjing. Discussion on Urban Domestic Wastes

Economic Analysis of the Reverse Logistics Mode

ZHENG Xiangming, CHEN Yi

( School of Urban and Environmental Science, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: With the rapid development in China’ s express delivery business, express garbage recycling has
become the fastest growing industry of renewable resources recycling. There are three main models of express garbage
recycling, including recycling by professional express packaging garbage recycling company, reverse logistics mode and
public recycling mode. Among all these models, the reverse logistics is the most potential and inevitable main channel
based on the analysis from economic view. At present, the reverse logistics mode shows the low garbage recovery rate,
leading to the difficulty in achieving positive yield. Therefore, the following proposal was put forward as the express
packaging garbage recycling should mainly be based on reverse logistics, supplemented by the other two methods. The
public recycling mode should be adopted in rural areas, while the professional express packaging garbage recycling
company mode should be adopted in first-tier cities with advanced economy. Meantime, the government should promote
the development of the garbage recycling business from the aspects of policy, funding and publicity.

Keywords: express packaging recycling; reverse logistics; economic analysis
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