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Abstract: Utilizing multiple data (elevation information) to assist remote sensing image segmentation is an
important research topic in recent years. However, the existing methods usually directly use multivariate data
as the input of the model, which fails to make full use of the multi-level features. In addition, the target size
varies in remote sensing images, for some small targets, such as vehicles, houses, etc., it is difficult to achieve
detailed segmentation. Considering these problems, a Multi-Feature map Pyramid fusion deep Network
(MFPNet) is proposed, which utilizes optical remote sensing images and elevation data as input to extract
multi-level features from images. Then the pyramid pooling structure is introduced to extract the multi-scale
features from different levels. Finally, a multi-level and multi-scale feature fusion strategy is designed, which
utilizes comprehensively the feature information of multivariate data to achieve detailed segmentation of remote
sensing images. Experiment results on the Vaihingen dataset demonstrate the effectiveness of the proposed
method.
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