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Abstract

With the rapid development of the film and gaming industries, methods for creating and editing 3D
scenes have been continuously optimized, evolving toward greater efficiency and convenience.
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Compared to traditional representations based on meshes and point clouds, 3D Gaussian Splatting
provides a more flexible and efficient way to represent 3D scenes, enabling high-quality novel view
synthesis while maintaining superior rendering performance. However, existing 3D Gaussian mod-
els still have limitations in stylization, making it difficult to meet the demands of creative design
and artistic expression. Therefore, achieving high-quality style transfer while preserving 3D struc-
tural information remains a challenging research problem. To address this issue, we propose a se-
mantic style transfer method based on 3D Gaussians. First, a 3D Gaussian model is trained using
multi-view images, and style transfer is performed on these images to ensure consistency and struc-
tural integrity in the final 3D model. Specifically, we utilize the LSeg model for semantic segmenta-
tion of content and style images. After extracting corresponding regions, we adaptively determine
the number of clusters based on image complexity and apply K-means clustering in the color space
to segment the images. The clustered regions are then filtered based on their area to retain essential
structural information. Subsequently, style transfer is performed using semantic matching, and
style fusion is achieved with the Whitening and Coloring Transform (WCT). Finally, a VGG-based
decoder generates the stylized images. Experimental results demonstrate that our method outper-
forms existing approaches in terms of style quality, structural preservation, and multi-view con-
sistency, providing better controllability and higher-quality style transfer for 3D artistic content
creation.
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Figure 1. Pipeline of the semantic style transfer model for 3D scenes
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