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Abstract: Artificial intelligence is the core driver of the next generation of industrial change. It is an important
method to comprehensively improve digitalization, automation, informatization, and intelligence in the field of
civil engineering. To gain a comprehensive understanding of the development and application of artificial
intelligence in civil engineering. The basic research areas of artificial intelligence are analyzed qualitatively. The
current research status of artificial intelligence in civil engineering design, manufacturing, and maintenance
phases is quantitatively analyzed. The CiteSpace visualization tool is used to dig deeper into the problems,
development bottlenecks, and research trends of artificial intelligence in civil engineering, and give
corresponding solutions and research ideas. The review of the literature found that a significant amount of

artificial intelligence research has been conducted in the field of civil engineering. However the development of

Wi B #:2021-11-12

BE & TR 08 248 7 47 2546 (E2021402006)

TEH RN X200k (1983- ), 3, B8, A28 F: 0, 228 AT K i 2 Al 25 9 WF 5%, E-mail : hbliu@tju.edu.cn.
MR GEEIES) B, 8082 , 1+ 4: 7 il ,E-mail : zhchen@tju.edu.cn,

Received: 2021-11-12

Foundation item: Hebei Province Outstanding Youth Fund (No. E2021402006)

Author brief: LIU Hongbo (1983- ), professor, doctorial supervisor, main research interest: large span space structure, E-mail:
hbliu@tju.edu.cn

CHEN Zhihua (corresponding author), professor, doctorial supervisor, E-mail:zhchen@tju.edu.cn.



% 14 X 4L, F AT LA B AR AR G B R AT IR AR 2 15

intelligence has been uneven at various stages, and there are limitations in practical applications. Therefore, it is

necessary to deeply explore the cross-integration of intelligent technologies such as neural networks, big data,

and deep learning in the full life cycle of civil engineering. To promote the synergistic development of artificial

intelligence research in the field of civil engineering.

Keywords: civil engineering; artificial intelligence; intelligent design; intelligent construction; intelligent

maintenance
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Fig. 3 General framework for computer vision-based safety and health monitoring
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on digital twins
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Fig. 13 UAV-based crack identification
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Fig. 14 Missing data reconstruction using BP

neural network
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Fig. 15 Optimal arrangement of sensors based on PSO-BP neural network
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Table 1 High-frequency keywords statistics
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