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Segmentation refinement of remote sensing image
based on improved PointRend

ZHANG Jianfei, NI Junwen

(School of Computer and Information Engineering, Heilongjiang University of Science and Technology, Harbin 150022, China)

Abstract: Remote sensing can collect and process electromagnetic wave information of ground target objects at a distance without
contacting them through sensors and generate images. Semantic segmentation is an important content of remote sensing intelligent
interpretation. It has very important roles in urban planning, disaster assessment, and agricultural production. The method based on
deep learning has good robustness and generalization, and has become the mainstream method in the field of remote sensing image
semantic segmentation. However, the commonly used segmentation methods have low recognition accuracy at the boundary of
segmentation. To solve this problem, this paper proposes a remote sensing image segmentation refinement method based on the
improved PointRend method. First, the inaccurate image segmentation boundary is optimized by introducing PointRend. Then, the
fine—grained feature’s semantic information and context information are enhanced by fusing features from different stages. Finally,
the spatial position information of the fine—grained feature is enhanced by using the continuous spatial feature representation method.
The experimental results show that the improved method can correct and calibrate the boundaries of image segmentation and improve
the segmentation accuracy of image boundaries.
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Fig. 4 Weighted sum of pixel values in local implicit image functions
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