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Research on Rice Ear Recognition Based on YOLOv3

Peng Qi, Tu Lifen”, Cheng Ruimin, Wu Tao
( School of Physics and Electronic Information Engineering, Hubei

Engineering University, Xiaogan, Hubei 432000, China)

Abstract; In order to achieve real-time and accurate field ear recognition, the deep learning technology
was introduced, and a set of farmland rice ear recognition system based on YOLOv3(you only look
once) object recognition algorithm was designed to provide basic data for plant protection eppo un-
manned aerial vehicle (UAV) and cultivation robot. Dji UAV was used in the system to take aerial
photos of the rice field at medium and low altitude to collect image information. The image database
based on web was built to store, organize and manage the collected farmland images, and had the
function of image preprocessing. The images in the database were screened and segmented, and the
images were labeled in accordance with the requirements of YOLOv3 algorithm, and training samples
were made. At last, YOLOv3 deep learning algorithm was used to identify the ears of rice in the farm-
land so as to obtain accurate positioning box and some good recognition effect.

Key Words:real time field on farmland; deep learning; object recognition; Dji unmanned aerial vehi-

cle; sample label
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