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Abstract

Industrial digitalization is an important way for industrial transformation and upgrading of China's industry, and digital
transformation has become an important trend in the development of China's industry. The reliability and stability of

industrial systems play an important role in the high quality and sustainable development of industrial production.
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Failures affect the operation of industrial systems and even cause major safety accidents and economic losses. To deal
with this problem, fault diagnosis technology has emerged and gradually developed. Efficient and high-quality fault
diagnosis digital technology has become a key technology for industrial digital transformation. The research progress of
digital methods of fault diagnosis in industry were analyzed. According to the development characteristics, three stages
were divided, including domain experience-led modeling methods, data-driven digital methods combining with domain
experience, and data-driven digital methods combining with interpretability. Focus on the basic ideas and characteristics

of the methods in each stage, the future research directions were discussed, and the references were provided for

promoting industrial digital transformation.
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