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Advances in recognition of plant diseases based on computer vision

SUN Liang', KE Yuhang’?, LIU Hui', HU Yiyu', FENG Chengtian',
LIU Wenbo?, WANG Zhenhui', ZHANG Yu?, ZHENG Fucong'”?

(1. Rubber Research Institute of Chinese Academy of Tropical Agricultural Sciences/ Key Laboratory of Rubber tree Biology and Genetic Resources
Utilization, Ministry of Agriculture and Rural Affairs/ Hainan Key Laboratory of Tropical Crop Cultivation and Physiology, a Provincial and Ministerial
Joint State Key Laboratory Cultivation Base / Ministry of Agriculture and Rural Affaris Danzhou Observation and Experimental Station for Tropical Crops,
Haikou, Hainan 571101; 2. College of Plant Protection, Hainan University, Haikou, Hainan 570228, China)

Abstract: Plant diseases restrict the development of agriculture in production, safety and economy. Monitoring
plant health status and preventing plant diseases from occurrence are very important for sustainable agricultural
development. With the interaction, connection and collision between agriculture and modern information
technology, agriculture gradually tends to be modern, intelligent and digital. Computer vision has been widely
used in detecting plant diseases in recent years, which is more rapid and accurate than traditional methods. The
computer vision in recognition of plant diseases was reviewed from the aspects of image acquisition, image
preprocessing, image segmentation, image feature extraction and disease recognition and classification, and its
key points were summarized. Problems arising from and outlook on the image recognition of plant diseases
based on computer vision were put forward to provide some reference for the application and research of

computer vision in recognition of plant diseases in the future.
Keywords: plant disease; computer vision; image processing; deep learning
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