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Research on robotic arm grasping detection technology
based on target recognition and FC-GQCNN network
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Ningbo University of Technology, Ningbo 315211, Zhejiang, China)

Abstract: This paper proposes a robotic grasping technique based on object recognition and fully
convolutional grasp quality convolutional neural network (FC-GQCNN). To address the limitations
of traditional GQCNN, such as low computational efficiency and redundant feature calculations, an
improved FC-GQCNN is developed. By replacing the fully connected layers in GQCNN with 1X1
convolutional layers, the proposed network can handle input images of arbitrary sizes. Furthermore,
the integration of FC-GQCNN with the YOLOV8 object detection algorithm forms a YOLOvVS-
FCGQCNN cascade structure, effectively solving the challenges of object recognition and localization
in complex environments. Experimental results demonstrate that this method achieves an 86% grasp
success rate across 10 different objects, with an average detection time of 0. 09 s per frame, which is
22 times faster than traditional GQCNN, significantly improving system efficiency. This method can
accurately detect the grasping position of the object of interest and has higher reliability than the
baseline method.
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Tab.1 Grabbing results of different combinations of algorithms for different objects of interest

YOLOvV5-GQCNN

YOLOV8-GQCNN

YOLOvV5-FCGQNNN YOLOvV8-FCGQCNN

LULES P EL
FDT/s SR/% FDT/s SR/% FDT/s SR/5 FDT/s SR/%
Al AR E 15 1.72 93.33 1.37 93.33 0.10 93.33 0.08 93.33
[GIEEREN 15 1.75 93.33 1.41 86.67 0.12 86.67 0.10 93.33
K7tk 15 173 93.33 1.38 93.33 0.13 93.33 0.09 93.33
Y242 7] 15 1.76 53.33 1.42 86.67 0.09 86.67 0.11 73.33
wHE 15 1.71 93.33 1.36 93.33 0.12 93.33 0.07 93.33
Jet 15 1.77 53.33 1.43 53.33 0.11 66.67 0.10 86.67
Hr 15 1.74 86.67 1.39 93.33 0.10 88.67 0.09 73.33
esiil 15 1.73 93.33 1.38 93.33 0.12 93.33 0.08 93.33
i 15 1.75 86.67 1.40 93.33 0.11 93.33 0.10 86.67
FlR 15 1.74 93.33 1.37 93.33 0.11 93.33 0.09 93.33
S 1.74 84.00 1.39 85.00 0.11 84.00 0.09 86.00
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