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Semantic Segmentation of Satellite
Images Based on an Improved U-Net
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ABSTRACT

This paper proposes a new deep learning-based

model for performing semantic segmentation using

high-resolution satellite images. Because the feature
information obtained from the encoder is limited in
existing deep learning-based semantic segmentation
techniques, they have a problem in that this
information is transmitted to the decoder and
accuracy is impaired. This limited feature extraction
and degradation in accuracy causes inefficiency in
prediction, which leads to inaccurate results. To
overcome these limitations, this work proposes an
encoder-decoder structure that is improved over
existing architectures by designing inputs of various
sizes to be processed at the same time. This
effectively extracts a variety of rich feature
information, enables more efficient delivery to
decoders, and improves the accuracy of semantic

segmentation.
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Fig. 1. Structure of the proposed U-Net structure with
dual inputs
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Fig. 3. Representative example images of experimental
results
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