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A Review of Artificial Intelligence in Civil Engineering
Applications

Ching-Lung Fan
Department of Civil Engineering, ROC Military Academy

Abstract
In recent years, the rapid development of artificial intelligence (Al) and the deterioration

of large and complex infrastructures have made the application of machine learning and deep
learning methods in civil engineering of great interest. The application is rapidly increasing
due to the remarkable capabilities of Al in detecting structural damage, construction safety,
and defects in civil engineering. In this paper, a systematic review of literature related to civil
engineering has been conducted with the main purpose of surveying, discussing and analyzing
various Al techniques and algorithms. Finally, summarize the engineering application
achievements and research directions of the latest technologies of machine learning and deep
learning, and understand the advantages and limitations of these technologies. In addition,
computer vision-based deep learning will play a role in structural health monitoring as an
important technology for building facility maintenance and management. Through different
Al algorithms, an automated and intelligent model has been constructed, which will make a
significant contribution to the advancement of civil engineering technology in the future.

Key words : artificial intelligence, machine learning, deep learning, civil engineering
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