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Intelligent Empowerment of Green Steel Manufacturing: Steelmaking Process
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Abstract: With the rapid development of machine learning, deep learning, and large model
technologies, the intelligent empowerment of green steel manufacturing has become a research hot
spot. The deep integration of digital and intelligent technologies with steelmaking process industrial
scenarios was systematically explored, the current applications in key processes such as converters,
electric arc furnaces, refining, and continuous casting were analyzed, the cutting—edge technologies
such as multimodal perception and early warning, resource collaborative optimization, digital twins,
and full-process causal reasoning were proposed to achieve green and low—carbon production as well
as intelligent, efficient collaboration in steelmaking process. Finally, the challenges faced by the
integrated and in—depth application of artificial intelligence in steelmaking—continuous casting
section, potential strategies for large models to empower green manufacturing, and future prospects

were discussed, which provided transformation ideas and theoretical support for intelligent
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empowerment of green steel manufacturing.

Key words: green manufacturing; steelmaking process; large model; autonomous decision;

digital twins
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Fig. 1 Schematic Diagram of Green and Low—carbon Steelmaking Process
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Table 1 Present Situation of Artificial Intelligent Empowerment of Green Smelting Manufacturing at Home and Abroad
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Table 1 Present Situation of Artificial Intelligent Empowerment of
Green Smelting Manufacturing at Home and Abroad ( Continued Table)
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Table 1 Present Situation of Artificial Intelligent Empowerment of
Green Smelting Manufacturing at Home and Abroad ( Continued Table)
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Fig. 2 Statistical Distribution of Green Application Scenarios in Intelligent Smelting Process
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Table 2 Present Situation of Artificial Intelligent Empowerment of
Green Continuous Casting Manufacturing at Home and Abroad
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Fig. 3 Statistical Distribution of Green Application Scenarios in Intelligent Continuous Casting Process
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Fig. 4 Framework of Integrated Intelligent Manufacturing Technology of Steelmaking—continuous Casting Section
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