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Fig.1 Schematic of Al-driven intelligent control for converter steelmaking process
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The Practices, Challenges, and Prospects of Artificial
Intelligence Driving Low-Carbon Transformation in
China’s Iron and Steel Industry

XU Mao, WEN Zongguo', ZHENG Kai, PAN Zhixing, LEONG Zhenghao

State Key Laboratory of Iron and Steel Industry Environmental Protection, School of Environment,
Tsinghua University, Beijing 100084, China

Abstract : Theiron and steel industry (ISl) is a pillar of national economic development and a key sector for
energy consumption and carbon emissions in China. Currently, it faces challenges such as
diminishing emission reduction potential with traditional technologies and rapidly rising marginal
costs. The introduction of artificial intelligence (Al) technology offers viable intelligent solutions for
the deep decarbonization transformation of the ISI. This paper focuses on the mechanisms,
application scenarios, and practical status of Al technology in driving low-carbon transformation in
the ISI. The application value and prospects of Al technology in key processes such as ironmaking,
steelmaking, and rolling, covering aspects like energy efficiency improvement, environmental
monitoring network construction, dynamic prediction and regulation of carbon/pollutant emissions,
and resource recycling, were analyzed. The results indicated that Al technology demonstrates
notable effectiveness in enhancing carbon emission reduction efficiency and production process
stability for iron and steel enterprises. However, practical implementation still encounters
multidimensional obstacles, including technology, data, cost, and policy standards. In the future,
deep decarbonization in the ISI will require systematic integration of cutting-edge technologies such
as hydrogen-based metallurgy, carbon capture, utilization, and storage technology. As a crucial
technical tool, Al drives the low-carbon transformation of the ISI by digitally characterizing
metallurgical processes and optimizing their energy consumption and carbon emissions.

Key Words : artificial intelligence; iron and steel industry; low-carbon transformation; hydrogen metallurgy;
CCUS technology
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