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Ground object segmentation method for remote sensing images
based on EfficientNet deep learning network
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Abstract: In power grid project construction, automatic extraction of ground object information from
remote sensing images is very important for realizing automation of power planning. In this paper, a
ground object segmentation method for remote sensing images based on deep learning is proposed. In
view of the multiple targets and diversified scales of remote sensing images, the UNet is used as the
basic framework, EfficientNet is selected as the backbone network, and feature fusion is added. In or-
der to solve the problem of classification unbalance and generalization ability of remote sensing ima-
ges, combined loss function and advanced data enhancement method are adopted. Experiments show
that the proposed method can effectively improve the ground object segmentation accuracy of remote
sensing images, and has good segmentation effect for both small and large targets.
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