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Review on Plant Disease and Pest Identification Based on
Convolutional Neural Network

Luo Runmei' Wang Weixing'+

(1.School of Electronic Engineering, School of Artificial Intelligence, South China Agricultural University,
Guangzhou 510642, China 2.Guangdong Engineering Research Center for Agricultural Information Monitoring,
Guangzhou 510642, China)

Abstract: Plant diseases and insect pests have seriously affected the growth and production of plants. Timely accurate
identification and control of plant diseases and insect pests can effectively improve the yield and quality of crops. In recent years, deep
learning methods have developed rapidly. As one of the representative algorithms of deep learning, convolutional neural network has
excellent image classification and recognition capabilities, and has been widely used in the identification of plant diseases and insect
pests. The research on plant disease and pest identification based on convolutional neural network is reviewed. The structure and
characteristics of several basic network models, the optimization methods of network structure and the combined application of
convolutional neural network and other methods are reviewed; the difficulties of convolutional neural network based on plant disease
and pest identification are discussed, and its application prospect is prospected.

Key words: convolutional neural network; deep learning; identification of pests and diseases; model optimization
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