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Abstract: Semantic segmentation of high-resolution remote sensing images is widely used in land planning and smart city. To complete the

semantic segmentation of remote sensing images accurately and quickly, we proposed a semantic segmentation method based on deep feature

aggregation network. Firstly, we used the basic feature representation layer to obtain the feature map information of different resolutions. Then,

we used the middle feature aggregation layer and the deep feature aggregation layer to fuse the feature maps of different resolutions and scales.

Finally, we used the feature aggregation module to perform feature splicing and output accurate semantic segmentation results. Experimental

results on datasets Vaihingen and Postdam show that the proposed method can accurately segment remote sensing images in different scenes, and

outperform existing methods.
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