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Building extraction using high — resolution satellite imagery based on an
attention enhanced full convolution neural network

GUO Wen', ZHANG Qiao’
(1. The Third Institute of Photogrammeiry and Remote Sensing , Ministry of Natural Resources, Chengdu 610100, China;

2. School of Geoscience and Technology, Southwest Petroleum University, Chengdu 610500, China)

Abstract : Automatic extraction of buildings from satellite remote sensing images has a wide range of applications in
the development of economy and society. Due to the influence of mutual occlusion , illumination, background
environment and other factors in satellite remote sensing images , it is difficult for traditional methods to achieve high
— precision building extraction. This paper proposes an attention enhanced feature pyramid network ( FPN -
SENet) and constructs a large — scale pixel — wise building dataset ( SCRS dataset ) by using multi — source high —
resolution satellite images and vector data to realize the automatic extraction of buildings from multi - source satellite
images, and compares it with the other full convolution neural networks . The results show that the accuracy of
building extracted from SCRS dataset is close to the world ’ s leading open source satellite image dataset , and the
accuracy of Pseudo color data is higher than that of true color data The accuracy of FPN - SENet is better than that
of other full convolution neural networks . The extraction of building can also be improved by using the sum of cross
entropy and Dice coefficient as the loss function. The overall accuracy of the best classification model is 95.2% ,
Kappa coefficient is 79.0% , and F1 —score and loU are 81.7% and 69.1% respectively. This study can provide
a reference for building automatic extraction from high — resolution satellite images.
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