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Intelligent Part Identification and Grabbing Method Based on SGV -
YOLOvV8 Model

LUO Hang YANG Ye' CHEN Benyong
School of Mechanical Engineering s Zhejiang Sci-Tech University, Hangzhou, 310018

Abstract: To solve the problems of slow part identification and low success rate in grabbing mechani-
cal parts by industrial robots, an intelligent part identification and grabbing method was proposed based on
SGV-YOLOv8 model. The monocular camera and laser ranging module were used to build a depth vision
detection device to realize the three-dimensional positioning of mechanical parts; Taking the YOLOvS
model as the basic architecture, StarNet network was used in the backbone network to replace the original
structure, and GSConv module and VoV-GSCSP structure were introduced in the neck, so as to reduce
the complexity of the model and improve the detection speed and capture rate. The experimental results
show that compared with the original model, the number of model parameters and the number of floating
point operations (GFLOPs) of the designed SGV-YOLOVS increases 51.9% and 51% respectively.,
while the number of detection frames per second (FPS) increases 37. 6% ; The success rate of part grasp-
ing in the constructed industrial robot grasping devices is 80%.

Key words: mechanical arm grab bing; machine vision; laser ranging module; YOLOv8 model; part
identification
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Fig.2 Calibration diagram of laser ranging module
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Tab.4 Ablation test results of YOLOvVS
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Tab.5 Generalization experiments on industrial

tool datasets
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