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Abstract
Recently, 3D Gaussian Splatting (3DGS), which
improves the slow rendering speed of conventional
Neural Radiance Field (NeRF), has gained
significant attention in the field of 3D scene
reconstruction. However, 3DGS generates many
Gaussians in complex scenes, which leads to
unnecessary noise in areas where observations are
scarce. In this study, we propose a new method
that applies DBSCAN clustering to improve these
problems and improves the generation performance
by reducing the number of Gaussians by flexibly
grouping them even in unstructured data—dense

* Equally Contribution

areas. In the experiments, the performance of
DBSCAN was evaluated according to the number of
times it is used, and the results show that the
proposed model is superior to the existing 3DGS by
generating images with better quality while reducing
memory usage by about 10%.
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