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Abstract: Accurate and efficient extraction of road information based on remote sensing image is a great signifi-
cance for the establishment and maintenance of basic geographic databases. Due to the complex background in-
formation of high—resolution remote sensing images, existing algorithms cannot extract road information very
well. U-Net network has good experimental results in image segmentation, but the accuracy of road segmenta-
tion results is not good. For this reason, this paper proposes a high—resolution image road extraction method
based on improved U-Net network. Firstly, the U-Net-based network structure is designed and implemented.
The network uses VGG16 as the network coding structure, which can extract feature semantic information bet-
ter. Secondly, the use of Batch Normalization and Dropout solves the phenomenon of over—fitting that occurs
during the network training process. Finally, the training data is expanded by rotation and mirror transforma-
tion, and the ELU activation function is used to improve the network training speed. The experimental results
show that the method can extract road information more accurately and efficiently.

Key words: High resolution remote sensing image ; Road extraction; U-Net



