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A multi-stage strawberry detection algorithm based on improved YOLOvVS

Zhang Pu, Qiao Bo, Chen Yiming
(College of Information and Intelligence, Hunan Agricultural University, Changsha, 410128, China)

Abstract: In order to achieve fast and accurate detection of strawberries in complex greenhouse environments, a
multi-stage strawberry detection algorithm based on an improved YOLOvVS was proposed. Firstly, the strawberry dataset,
collected in greenhouse environments, was initially annotated by using Labellmg. Subsequently, in order to address issues
such as the small size of strawberries and the complexity of the environment, a BiFormer dynamic attention mechanism
was integrated into the backbone network. This integration allowed for more flexible computational allocation and feature
perception, focusing the network model more on small object detection and enhancing its fruit detection capabilities in
complex environments. Finally, a VanilaNet module was introduced in the Neck component to reduce the computational
complexity of the model and further improve its strawberry recognition accuracy. Experimental results demonstrated that
the improved YOLOvVS, in comparison to the traditional YOLOvS, increased the mAP by 4.6%, reaching 93.8%. The
improved YOLOVS8 not only has higher detection accuracy, but also performs well in small target detection, which can
provide support for the subsequent real-time small target detection of picking robots.
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Tab. 1 Mosaic data augmentation
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