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High-resolution remote sensing image building extraction
based on improved Swin-UNet network

YUAN Xiaoyu, LI Zhenxuan, GAO Fei
(School of Civil and Hydraulic Engineering, Hefei University of Technology, Hefei 230009, China)

Abstract; In view of the low automation level of traditional artificial extraction methods in building ex-
traction tasks, and the poor and incomplete edge extraction of existing deep learning methods such as
convolutional neural network(CNN) and UNet in remote sensing image building extraction, this paper
presents an automatic building extraction method based on improved Swin-UNet network model.
Based on the original Swin-UNet network structure, the new network model uses cross-attention
block(CAB) to replace the Swin Transformer block of the original network to build a new network
system. The applicability of the model is verified in the building extraction experiments of Wuhan U-
niversity(WHU) Aerial Building Dataset and Massachusetts Buildings Dataset. The results show that
the proposed method is superior to support vector machine (SVM) algorithm and traditional deep
learning methods, and has good segmentation accuracy and robust generalization ability.
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