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High-resolution remote sensing image building extraction based on
UNet, UNet-+ -+, and Attention-UNet networks

HUANG Miner, LI Zhenxuan, GAO Fei, TAO Tingye, ZHU Yongchao, YUAN Xiaoyu
(School of Civil and Hydraulic Engineering, Hefei University of Technology, Hefei 230009, China)

Abstract; This study selects three convolutional neural networks(CNNs), namely UNet, UNet+-+, and At-
tention-UNet, aiming to investigate the performance differences of this network series in building extraction.
Based on the WHU building dataset, through experiments and quantitative evaluations, this research explores
the effectiveness and applicability of the aforementioned network models in remote sensing image building ex-
traction. The experimental results indicate that UNet++ achieves the highest extraction accuracy, followed
by Attention-UNet and UNet, with accuracies of 0. 987, 0. 983, and 0. 979, respectively. UNet+ -+ exhibits
superior edge extraction capabilities and correct building segmentation ratios compared to the other two net-
works. For small to medium-sized buildings, Attention-UNet demonstrates significant extraction effective-
ness, but it is prone to false positives. UNet++ performs well with occasional instances of missed extrac-
tions, while the extraction effectiveness of UNet is subpar.
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