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Research on Algorithm for Weed Recognition in Beet Fields
Based on Improved YOLOv11

ZHOU Zijian, LIU Qiang”
(College of Information Science and Technology, Gansu Agricultural University, Lanzhou 730070, China)

Abstract: An algorithm for weed recognition in beet fields based on improved YOLOvI1 model is proposed to address the
problems of low efficiency, low accuracy, and missed detection of small targets in complex real-world scenarios. The PoolFormer module
and AKConv module are introduced into the backbone network to enhance the model’ s ability to capture global semantic information to
improve detection accuracy, enhancing the detection performance in low resolution images and small objects. The AKConv module
improves the feature extraction ability of the model for beets and weeds with irregular growth patterns by dynamically adjusting the
convolution kernel parameters and shapes, while the PoolFormer module can effectively segment the edge features of beets and weeds
that cover each other. Secondly, the High-level Screening Feature Pyramid Network (HS-FPN) module is added to the head network to
enhance the efficiency of multi-scale fusion and improve the feature extraction efficiency and speed of beets and weeds during the
seedling stage. Through experiments, it is found that the improved YOLOv11 model achieves increases of 6. 9%, 7. 8%, 7. 9%, and
7.8% in precision, recall, mMAP@ 0. 5 and mAP@ 0. 5: 0. 95, respectively, compared to the original model. The results show that this
algorithm has achieved significant improvement in weed recognition in beet fields, providing a more feasible solution for detecting weeds
in beet fields in complex scenarios.
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Tab.1 Ablation experiment data for different
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YOLOv11 76.7 71.5 76.3 51.8
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