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Building Extraction Method in High—resolution Remote Sensing Images Based on

Improved U—Net Network

TAO Conghui', GAO Qingshan', ZHAO Menglin'
(1. Siwei Gaojing Satellite Remote Sensing Co., Ltd., Hangzhou 310012, China)

Abstract: In view of the low accuracy and misrepresentation and omission of building extraction in high-resolution remote sensing images, we

proposed a building extraction method based on improved U-Net network. We used ResNet50 as the encoder part of U-Net model, and

introduced CBAM hybrid attention mechanism and FPN feature pyramid structure to optimize the network to improve the accuracy and robustness

of network in building information extraction. Based on SuperView-1 remote sensing images, we produced 512x512 samples for training, and

compared with U-Net, the U-Net network based on ResNet50 backbone network and DeepLabv3+. The results show that this method proposed

in this article has a stronger segmentation effect and performance, and can apply to different types of high-resolution building extraction tasks.
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