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Remote sensing image semantic segmentation
based on coding-decoding neural network
LI Ziwei, YU Xiaopeng, DING Tingting

(College of Computer Science, Jilin Normal University, Siping Jilin 136000, China)

[ Abstract] The realization of image segmentation has experienced the evolution from traditional methods to neural network
methods. This article starts with the development process of image segmentation, introduces the difference between image
segmentation and semantic segmentation, analyzes the application of traditional image segmentation methods in the field of remote
sensing image segmentation in recent years, and discusses the shortcomings of traditional remote sensing image segmentation
methods. Based on this, the application of several classical encoding—decoding neural network architectures is summarized in the
field of remote sensing image semantic segmentation, the improvement methods of these methods are comprehensively analyzed, and
their future development trend is prospected.
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2 U-Net %24
Fig. 2 U-Net architecture diagram

3 SegNet Z213[E
Fig. 3 SegNet architecture diagram
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