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Research on target recognition algorithm for transparent
extraction tube grasping robot
YANG Pingjiang', HE Jiangbo', ZHOU Wu’, HU Yihao>, CHEN Dangian®, DU Ziyi’

(1 School of Mechanical Engineering, Xihua University, Chengdu 610039, China; 2 School of Mechanical
and Electrical Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China)

Abstract; An improved YOLOvV8n model algorithm is proposed for the recognition of transparent extraction tubes, which achieves
good suppression of environmental interference, complex and variable backgrounds, and inconsistent multi—scale feature fusion.
Firstly, the DynamicConv module is introduced into the backbone network. The model capacity is increased through the parameter
enhancement function to improve the robustness against complex backgrounds. Then, the LSKA attention mechanism is added after
the SPPF layer to expand the receptive field by decomposing the large convolutional kernels and enhance the extraction ability of the
extraction tube features. Finally, the ASFF strategy is fused in the detection head to dynamically learn the feature weights of the
extraction tube and enhance scale invariance. The experimental results demonstrate that, compared with the YOLOv8n model, the
improved model has increased the accuracy ( Precision, P), Recall (Recall, R), and mean Average Precision (mAP) by 5. 7%,
4.0%, and 5. 5% respectively. This algorithm significantly enhances the recognition robustness of transparent extraction tubes in
complex environments, providing an effective visual recognition solution for the intelligent upgrade of experiments.
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Fig. 1 Improved YOLOvV8n network architecture
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Fig. 3 LSKA attention mechanism structure diagram
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Table 1 Ablation research results

F 3= DynamicConv ~ LSKA  Detect_ASFF P/ % C/ % mAP50/%  Params/10°
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Table 2 Comparative experimental results

HeETR P/ % C/%  mAP50/% Params/10°
YOLOv5s ! 88.6 82.1 88.8 2.2
YOLOv8n 88. 1 86. 8 89.3 2.6
YOLOv10s'®!  91.9 89.2 91.1 3.5
YOLOvI1?Y  89.3 84.3 91.2 3.3
AR SRR 93.8 90. 8 94.8 5.2
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Fig. 6 Comparative experiment diagram of real —time extraction

tube recognition
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