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Abstract: Because semantic segmentation can complete pixel-level regional annotation tasks, it plays an important role in the remote

sensing image processing field. The major current remote sense image segmentation method is using multiple scales strategy to improve the

performance of segmentation networks. However, the ground objects with uncertain scale in high-resolution aerial images are difficult to be

segmented with conventional models. To address this problem, we designed a self-adaptive feature selection network, in which attention

module learned weight contributions of each feature blocks in different scales. We compared the pyramid scene parsing network (PSPNet),

DeepLabV3, U-Net with the proposed network on two benchmarks (the Vaihingen set and the WHU Building data set). The experimental

results and comprehensive analysis validate the efficiency and practicability of the proposed method in semantic segmentation of remote sensing

images.
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