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Automatic identification and monitoring technologies of
agricultural pest insects

FENG Honggiang', YAO Qing’

(1. Henan Key Laboratory of Crop Pest Control, MOA’ s Regional Key Lab of Crop IPM in Southern Part of
Northern China , Institute of Plant Protection, Henan Academy of Agricultural Sciences, Zhengzhou 450002, China ;
2. College of Information, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract With the development of computer and internet technology, information technology has been applied
widely in plant protection. It promotes the monitoring of agricultural pest insects towards informatization, intelli-
gence and precision. We reviewed recent research progress of automatic identification and monitoring of pests and
analyzed the features and advantages of each technology. All technologies need to acquire information of insects
and their environments, extract insect features and automatically identify insect species and count pests for moni-
toring pests. The image identification technology is suitable for identification and monitoring of pests resting on
surface of crops or trapped pests. Entomological radar (or lidar) has advantages in identification and monitoring
of insects freely flying at high altitudes. Acoustic technology has advantages in identification and monitoring hid-
den pests. Recently. deep learning approach has been reported to achieve state-of-the-art performance on object
recognition tasks. It improves the robustness of pest identification without prior knowledge and hand effort in fea-
ture design. It means its possibility of automatic monitoring of pest insects once we set up a database of insect in-
formation. This gives entomologists a hard task for identifying and accurately labelling huge number of insect in-
formation for machine learning.
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