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Abstract: To address the problems of poor extraction accuracy, error detection, omission and internal voids in traditional semantic segmentation
methods for building extraction, we proposed a remote sensing image building extraction method incorporating dilated convolution and dual
attention mechanism (ARD-UNet). Taking the U-Net network as the base network, the method introduced residual learning units in the coding
phase to enhance shallow feature layers and intermediate layers of contextual information at first. Then, this method introduced a dual attention
mechanism module in the jumping phase to enhance the learning of key feature information of the building. Finally, the method used dilated con-
volutional units to expand the field of perception in the middle layer, and further integrated contextual information about the building. We validat-
ed the method on the WHU, Massachusetts construction dataset. The result shows that the cross-ratios are improved by 2.31% and 1.87% on both
datasets respectively. ARD-UNet incorporates the advantages of dilated convolution, residual learning and double attention mechanism, which
can extract buildings in remote sensing images more accurately than traditional semantic segmentation methods.
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