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Abstract: Continuous casting occupies an intermediate position in the steel production process.
It serves as the final stage of steelmaking and provides necessary conditions and support for the
subsequent rolling process, playing a connecting role. A complex nonlinear relationship exists
between process parameters and the quality of cast products, which makes it difficult for
traditional modeling and analysis methods to meet the demand of high-quality production. In
recent years, artificial intelligence technologies have been widely applied in continuous casting,
including quality prediction, anomaly identification, production monitoring, process
optimization, and quality inspection, by which production efficiency and the quality of cast
products are effectively improved. The applications of artificial intelligence in the continuous
casting field were summarized in this paper, and its development prospects in the continuous
casting field were forecasted from the perspectives of artificial intelligence-oriented industrial
systems and generative artificial intelligence technologies, providing a reference for the research
and application of new-generation information technologies in the steel field.

Key words: continuous casting; artificial intelligence; machine learning; quality prediction;
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