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Abstract

With the booming development of e-commerce, logistics automation, especially efficient and accu-
rate item sorting and grasping technology, has become crucial. Aiming at the problem of the lack of
adaptability of traditional robot arm in dynamic environment, an automatic grasping system of in-
dustrial robot arm based on machine vision is proposed in this paper. The system uses deep learn-
ing technology to accurately extract item features by processing image data in real time, and calcu-
lates 6D pose information to guide the robot arm to perform accurate grasping actions. The core of
this research is a deep neural network, which combines the advantages of deep separable Convolu-
tion and U-Net to significantly improve the efficiency and accuracy of feature extraction, while re-
ducing the number of parameters in the model and enhancing the real-time performance of the sys-
tem. The experimental results on the Cornell crawl data set show that the system achieves 98.79%
accuracy, which proves its application potential in the field of e-commerce logistics automation. In
addition, the system also adopts Gaussian filtering and data enhancement technology, which further
improves the stability and generalization ability of the model. Comparative experiments show that
compared with other prior art, the system has fewer model parameters while maintaining high ac-
curacy, and is more suitable for real-time applications.
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Figure 1. Model structure
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Table 1. Network performance comparison table
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Figure 2. Model inference renderings
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Figure 3. Diagram of simulation results
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