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A Method of Road Extraction for High-Resolution Satellite Images

YAN Meijuan, WEI Min, WEN Wu
(College of Computer Science, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract;In order to achieve the automatic road extraction of high-resolution satellite images, an image segmentation
method based on the encoder-decoder structure is designed. In view of the poor results of road extraction in rural areas in
satellite images, and the inability to effectively extract roads in shadow areas and sheltered areas, VGGI13 without full
connection layers is used as the backbone network of the encoder, the decoder is designed to effectively extract road are-
as, and the loss functions used in the training of model are introduced. Before starting the process of training, the Deep-
Globe road extraction data set is preprocessed. The PaddlePaddle deep learning framework is used to carry out experi-
ments. On the validation set, the value of loU, acc and Kappa of the improved method can reach 0.6194, 0.9811 and
0.7551 respectively. The experimental results show that this method can effectively improve the accuracy and integrity of
road extraction results compared with the road extraction methods using Deeplabv3+ and U-Net.

Keywords : deep learning; satellite imagery; road extraction; image segmentation; PaddlePaddle



