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Semantic Segmentation of Buildings in Remote Sensing
Images Based on HED-UNet

LI Song-yu
(School of Information Science and Technology , Bohai University ,Jinzhou 121000, China)

Abstract: As one of the key issues in the field of computer vision, semantic segmentation implements fine — grained reasoning by
intensively predicting each pixel and inferring labels. The semantic segmentation of buildings in remote sensing images can save a lot of
manpower and time costs. However,the existing semantic segmentation technology often undergoes multiple downsampling, resulting in
serious loss of target detail features. This article migrates the latest HED—UNet network to the semantic segmentation of remote sensing
image buildings. The HED network is a multi—scale fusion network with a deep supervision mechanism. The HED network is embedded
in the U-Net network ,and the training is more effective through deep supervision of the side output prediction under multi-resolution.
And introduce a hierarchical attention mechanism to adaptively incorporate these multi—scale predictions into the final model output.
Finally, an experimental study was conducted on the remote sensing building data set of Wuhan University. The results showed that
compared with traditional semantic segmentation network , the performance of HED-UNet was significantly improved, with PA reaching
96.6% and MloU reaching 92.2% .
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