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The Prediction of Urban Growth Boundary based on BP Artificial Neural
Networks: An Application to Beijing

FU Ling, HU Ye-cui, ZHENG Xin-qi
College of land science and technology, China University of Geosciences, Beijing 100083, China

Abstract: The purpose of this study is to establish urban growth boundary model and apply it to Beijing to study the
feasibility of the model. In this paper, we tried to use BP artificial neural network combined with geographic information
systems GIS and remote sensing RS technology to establish urban growth boundary model UGBM . We selected
eight factors that might lead to urban boundary expansion for the model i.e. green areas buildings administration centers,
main roads, minor roads, slope, aspect and altitude. We used this model to predict Beijing urban growth boundary in
2020, and evaluated the accuracy of this model via a percent area match metric. The results showed that the area match
value of this model was 106% when predicting Beijing urban growth boundary. Although this model overestimated urban
area slightly, it predicted urban growth boundary quite well in general. It concludes that the model can predict urban
growth boundary and it can provide certain guidance for urban planning and urban development policy.
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