36 | BRFRSITAMR

ABURTEVEO A R A ISR RR R IR S s g b A«
MHkErik

The Application of Big Data in Assessing the Built Environment for Public
Health: A Literature Review
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The advances in technology and method such as machine learning help break through the time and space limitations of traditional
research. These methods are able to efficiently and objectively study a large amount of diverse and changing information. This paper
systematically reviews the literature on the application of big data in the built environment and public health research in the past ten
years (2011-2020). We focus on the application of machine learning in street view analysis and crowdsourcing analysis. The results
suggest that applying machine learning to street-view images can analyze human-scale built environment information, thus promoting
the planning and design of healthy cities. Crowdsourcing analysis facilitates the collection of a large number of individuals' real-
time perceptions of the surroundings. The advantages of big data are reflected in its wide coverage and rich details. Therefore, big
data analysis promotes in-depth, cross-regional research, while significantly reducing resource consumption and safety concerns.
The challenge of the big data analysis lies in the validity of the data, the difference in image resolution, and the difficulty in observing
environmental features around obstacles. Nevertheless, due to the objective measure of the human-scale built environment and in-depth
exploration of individuals' perceptions, big data analysis optimizes traditional research methods, and provides an effective platform to
study the relationship between the built environment and public health.
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Tab.1 Comparison of the advantages and disadvantages of big data analysis and traditional methods
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