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Abstract Based on the Project of “Disaster resilience of urban engineering structures and intelligent
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disaster prevention and mitigation” under Science Fund for Creative Research Groups (Grant No:
51921006) and Integrated Project of “Construction of database for high Reynolds Number turbulence and
integrated research on machine learning-based turbulence” under Major Research Plan (Grant No:
92152301), the state-of-the-arts in artificial intelligence (AD) for disaster prevention and mitigation of civil
engineering (DPMCE) is reviewed, including the disciplinary logic based on mechanics and challenges
issues of traditional DPMCE, machine learning paradigm for solving governing equations in DPMCE, Al
for wind engineering, Al for earthquake engineering, and Al for design methods of DPMCE. The critical

issues in this field are discussed and recognized.
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