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Road extraction from remote sensing images
based on attention gate residual network
LI Wenshu, LI Shenhao, ZHAO Peng
(School of Information Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] Aiming at the problem that there are many independent noises and discontinuity in road extraction from remote sensing
images, a semantic segmentation algorithm of Residual Attention U-Net is proposed by improving U-Net. Firstly, the encoder
introduces the original character of residual block transfer, which can guarantee the depth of the network and make the gradient
transfer efficiently. Then, multiscale dilated convolution extraction module is used in the connection layer to fully mine the feature
information in the image.Finally, the decoder uses the attention gate to fuse the shallow network information with the deconvolution
information to suppress the shallow noise characteristics. The used datasets include the Massachusetts Roads Dataset and the CVPR
DeepGlobe 2018 Road Extraction Challenge dataset. The experimental results show that the algorithm can effectively improve the
effect of road segmentation.
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Tab. 2 Results of different models at Massachusetts Roads Dataset

Model Prec Rec F,
U-Net 0.721 0.726 0.723
MultiResUNet 0.739 0.765 0.752
RAU-Net 0.746 0.793 0.769

&R 3 A EHEETE CVPR DeepGlobe 2018 Roads Dataset B 45 R
Tab. 3 Results of different models at CVPR DeepGlobe 2018 Roads

Dataset
Model Prec Rec F,
U—-Net 0.730 0.764 0.747
MultiResUNet 0.723 0.779 0.749
RAU-Net 0.748 0.787 0.767
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