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Building Extraction from Remote Sensing Images Using Multi—channel Recurrent

Attention Mechanism Network
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Abstract: Obtaining building region from high-resolution remote sensing images is of great significance for urban planning and geographical
surveying and mapping. In recent years, convolutional neural networks have achieved better results in the field of building extraction. However,
the existing methods have the problems of insufficient feature extraction and ignoring the correlation between different features. To solve the
problems of building extraction in high-resolution remote sensing images, we proposed a novel multi-channel recurrent attention mechanism
network. We used the multi-scale channel attention mechanism to expand the convolution kernel receptive field, and extracted rich building
region feature information. We used the spatial pyramid recurrent module to establish the relationship between different features, and improved
the nonlinear learning ability of model. We used the multi-channel feature fusion module to fuse different feature information, and obtained the
building area extraction results. The experimental result shows that the constructed model achieves high accuracy on the high-resolution building
extraction dataset, which can prove the effectiveness and practicability of the proposed method.
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