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Positioning Technology of Billet before Furnace Based on Deep Learning
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2. Shanghai Celi Engineering Technology Co. ,Ltd. ,Shanghai 201900, China)

Abstract; With the continuous development of deep learning technology, the integration of deep learning and traditional industrial
production process has become a research and application hotspot in recent years. In the traditional steel production process, the billet
feeding position is manually confirmed and controlled according to whether the transverse position of the billet is correct. There are some
shortcomings , such as inaccurate control,low production efficiency and high labor cost. To solve the above problems, we realize the real—
time accurate positioning of billet in front of the furnace by machine vision method and propose a furnace positioning method based on
billet transverse position segmentation. This method takes u—net neural network as the basic structure,and uses the standard residual block
of resnet—34 network to extract and fuse the features of the original u—net network. It not only retains the residual structure of RESNET
to deepen the network level, but also makes the two networks integrate effectively. Through experiments, the pixel accuracy of the
horizontal segmentation network can reach 99. 7% , while the standard RESNET network can only reach 92. 2% , which meets the
accuracy requirements of field application,and lays a foundation for the automation and intelligence of billet production process.
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