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Application of artificial intelligence and machine learning technology in smart city
ZHENG Yongliang, LI Xiaokun, WANG Linlin, CHEN Hongxu, YANG Lei
(Heilongjiang Hengxun Technology Co. Ltd., Harbin 150090, China)

[ Abstract] Today, as the urbanization process continues to accelerate, smart cities are increasingly being valued by people. The
development of smart cities is inseparable from artificial intelligence, and machine learning is an important branch of artificial
intelligence. Applying artificial intelligence and machine learning technology to smart cities can solve many problems faced by urban
development and enable people live better in cities. This paper takes face recognition and gait recognition in image recognition as an
example to illustrate the application of artificial intelligence and machine learning technology in smart cities, in order to provide ideas
and reference for the continued construction of smart cities.
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Fig. 1 Overall process of gait recognition
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