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Fig.1 Sample database distribution and examples of remote sensing imagery and interpretation samples
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Fig.2 The flow chart of Comparison of deep learning methods for extracting building footprints
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Research on Building Footprints Extraction Methods based on

Different Deep Learning Models

HU Tengyun', XIE Pengfei*, WEN Yanan’, MU Haowei’
(1.Beijing Municipal Institute of City Planning and Design, Beijing 100045, China;
2.Beijing City Interface Technology Limited Liability Company, Beijing 100045, China;
3.College of Land Science and Technology, China Agricultural University, Beijing 10083, China)

Abstract: Building is the basic unit of urban refined management, the rapid and accurate extraction of urban
building footprints based on high—resolution remote sensing images is of great significance for urban planning
and management. Based on the high-resolution (0.8 m) remote sensing data of Beijing=2, a sample library of
building footprints in Beijing was established. We used multiple semantic segmentation models, U-Net,
DANet, UA-Net (U Attention Net) and instance segmentation models, Mask R-CNN, Mask R-CNN FPN,
Mask R-CNN RX FPN to extract building footprints, performed accuracy evaluation and compare the extrac-
tion effects of different types of buildings (such as buildings, villas and village buildings, etc.). Finally, we se-
lected the U-Net model with the highest overall accuracy and the best extraction performance to extract all build-
ing footprints in the Beijing area. The results show that the classification accuracy of U-Net, DANet, UA-
Net, Mask R-CNN, Mask R-CNN FPN and Mask R-CNN RX FPN models are 79.37%, 65.59%,
71.03%, 61.82%, 52.53% and 59.70% , respectively. And the U-Net model training time is relatively short.
The U-Net has a good performance for the extraction of building footprints. Comparing the recognition effects
of different models, it is found that the semantic segmentation model is more advantageous for the recognition of
bungalow buildings, while the instance segmentation model is suitable for single-family buildings and villas in
urban and surrounding areas. The study provides a scientific basis for model selection for typical building foot-
prints extraction tasks and our achievement solves the problem of lack of fine—scale research data in cities to a
certain extent.

Key words: High-resolution remote sensing images; Building footprints extraction; Deep learning; Semantic

segmentation ; Instance segmentation



