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Abstract: In order to solve the problem of road extraction information loss in remote sensing im-
ages, a road extraction algorithm based on residual neural networks was proposed. Firstly, an encod-
er-decoder network was constructed, combined with pre-coder and dilated convolution module to ex-
tract more semantic information.Secondly, the parallel designed dilated convolution module was add-
ed to the middle part of the encoder-decoder structure, which could extract features of different recep-

tive field features. Finally, the encoder-decoder used jumper to perform multi-scale feature fusion,
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learning more low-dimensional and high-dimensional features.In the Massachusetts road dataset, this

method had 11 %, 0.3 %, and 7.4 % improvement in Precision, Recall, and F1-score performance

indicators. At the same time, it also achieved 97.9 % in the Accuracy index. Compared with other al-

gorithms, the algorithm has certain application value.

Key words: road extraction; remote sensing image; dilated convolution; multi-scale feature fu-

sion
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