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Selective Kernel Attention Mechanism-based Method for Tea Buds
Segmentation and Picking Point Localization

Yang Changhui Zhang Yaoxin Zhang Yaoyao Cheng Lu Xu Chunyu Liu Yuxi
(College of Mechanical Engineering, Chongqing University of Technology, Chongqing 400054, China)

Abstract; Aiming to address the challenges of recognition and localization caused by the dense
distribution, multi-scale features, and small target characteristics of tea buds in natural environments, a
tea bud instance segmentation model that incorporated an improved attention mechanism was proposed.
Additionally, a contour bottom search algorithm ( CBS) was employed to accurately locate the picking
points of tea buds based on the analysis of the contour’s lowest point. Firstly, an improved selective
kernel attention mechanism (SKAM) was introduced into the backbone network of YOLO v8n —seg. The
spatial pyramid pooling-fast ( SPPF) module was replaced with the receptive field block ( RFB) module.
By expanding the receptive field, the model’s ability to capture multi-scale features of tea buds was
enhanced. Secondly, a shallow feature fusion structure was designed in the neck network. The up-
sampling by dynamic sampling ( Dysample) operator was adopted to preserve the details of small targets,
thereby improving the segmentation accuracy of densely distributed tea buds. Finally, a lowest point
localization algorithm was proposed based on the analysis of the mask contour. The experimental results
showed that the bounding box detection indicators of the proposed model (precision of 93.9% , recall of
87.2% , and mAPy, of 93.6% ) were improved by 3.7, 6.5, and 4.0 percentage points, respectively
compared with that of the baseline model. The mask segmentation indicators (90.9% , 84.1% , and
88.6% ) were correspondingly improved by 4.9, 7.4, and 6.0 percentage points. In scenarios with
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dense distribution and varying scales, the average localization accuracy of the proposed tea bud picking

point localization algorithm reached 76. 4% . This verified that the method can stably identify dense tea

buds of multiple scales and accurately locate the picking points, providing a theoretical basis for the

development of intelligent tea picking equipment.
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Fig.9 Identification results of different models under condition of scale change
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Fig. 13 Location results of different localization methods
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