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Detection of Cotton Top Buds Based on Deep Convolutional Neu-
ral Networks Technology

ZHANG Yanghu',BAI Lin'?,CHEN Fenglian' , ZHANG Qian’, LI Taoshen'"

(1. School of Computer, Electronics and Information, Guangxi University, Nanning, Guangxi, 530004, China; 2. Guangxi Colleges
and Universities Key Laboratory of Parallel and Distributed Computing Technology, Nanning, Guangxi, 530004, China; 3. The
First Affiliated Hospital of Guangxi Medical University, Nanning, Guangxi,530021, China)

Abstract: An improved deep learning model was established to detect and identify cotton top buds in agricul-
tural automation,so as to improve the work efficiency of cotton. By integrating the deep network model Res-
Net-101 into the target detection algorithm Faster RCNN based on the deep learning mechanism,a unified
multi-structured and improved deep learning model is obtained. The results of comparative experiments show
that compared with the traditional Faster RCNN model, this model has greatly improved the detection and
recognition performance of cotton top bud. The improved deep learning model proposed in this study has a-
chieved good average accuracy,which provides a new solution for the detection and identification of cotton top
buds and a new idea for the intelligent agricultural production.

Key words: deep learning,neural networks,object detection,Faster RCNN,intelligent agriculture, detection of

cotton top buds
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