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Abstract

We present a novel hybrid approach for semantic stylization of surface materials of 3D models while preserving shading.
Based on a hybrid approach that builds on directly applying style transfer on the object surface obtained by learning-based or
traditional methods such as 3D scanners or structured light systems, thereby overcoming artifacts like halos, ghosting or lacking
quality of the geometric representation produced by other 3D stylization methods. For this purpose, our methods involves (i)
the initial generation of a segmentation map parameterized over the object surface inferred based on a deep-learning-based
foundation model to guide the stylization and shading of different regions of the 3D model, and (ii) a subsequent 2D style transfer
that allows the exchange or stylization of surface materials in high quality. By delivering high-quality semantic perceptive
reconstructions in a shorter timeframe than current approaches using manual 3D segmentation and stylization, our approach
holds significant potential for various application scenarios including creative design, architecture and cultural heritage.

CCS Concepts
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1. Introduction

Advancements in deep learning-based image analysis and ma-
nipulation techniques, such as style transfer [GEB15] and seg-
mentation [KMR*23], have improved stylization and segmenta-
tion of 2D images. Recent learning-based 3D scene representa-
tions that were built on volume rendering techniques, notably Neu-
ral Radiance Fields (NeRF) [MST*20] and 3D Gaussian Splatting
(3DGS) [KKLD23], have shown great promise in photorealistic
novel view synthesis applications. Examples of respective exten-
sions support material asset generation [JTL*23], 3D style trans-
fer [SGW24a, LZX*24], scene segmentation [QLZ*23], and spec-
tral scene representation [SGW24b]. However, despite their poten-
tial, methods based on such representations often face limitations
in terms of producing halos, ghosting, and inferior mesh quality, es-
pecially in polychromy reconstruction [@s19]. Despite further chal-
lenges with specular and reflective surfaces, recent innovations like
GaussianShader [JTL*23] and StyleGaussian [LZX*24] addition-
ally improve neural rendering by extending these methods for re-
flectance estimation and style transfer. Overcoming the aforemen-
tioned challenges is crucial for enriching applications in digital me-
dia and cultural heritage preservation, potentially leading to more
accurate and efficient reconstructions and immersive experiences.
Our approach addresses these aforementioned challenges by first
segmenting the scene mesh using a segmentation atlas and then
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semantically applying 2D style transfer and shading to accurate re-
constructions obtained from high-quality 3D scanning devices. We
propose a hybrid pipeline that leverages a real-time texturing ap-
proach [RK19] and atlas-based UV map approaches [WAA*17],
with an aim to enhance mesh quality, material estimation and adapt-
ability to new styles [NPLX22, WJC*23]. Our main contributions
include a hybrid approach integrating deep learning with traditional
methods of manual asset creation, and the development of an atlas-
based segmentation methodology for 3D semantic stylization and
shading. With this approach, we can project 2D image information
onto 3D and thus map 2D segmentation masks onto 3D space.

2. Methodology

Our novel method (Fig. 1) integrates deep learning-based models
like SAM [KMR*23] into traditional 3D mesh and material recon-
struction pipeline by first generating a segmentation atlas [RK19]
and then using it for semantic shading (applying different shad-
ing models and/or material assets to different segments of the 3D
model) and stylization of meshes.

Multi-view renderings and segmentation-map generation: The
3D model is processed in BlenderProc [DWS*23], generating
multi-view images through all-around camera animation to ensure
comprehensive coverage for the segmentation atlas. We then gener-
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Figure 1: Pipeline of our hybrid approach: The 3D model was rendered from various views with BlenderProc. Multi-view segmentation maps
were subsequently generated using learning-based methods. The resulting segmentation atlas was then employed for semantic stylization or

shading of the 3D model.

ate multi-view segmentation maps (i.e. segmented maps of an ob-
ject from multiple viewpoints) using the Tracking-Anything-with-
Deva technique [COP*23] and SAM [KMR*23].

Segmentation atlas generation: Since CAD data typically lacks
texture atlas coordinates, we generate the texture atlas using
Blender’s *Smart UV Project’ algorithm [Ble24], and then gener-
ate the segmentation atlas by projecting the model per view and
mapping the texture into a 2D atlas [RK19].

Segment | Average IoU Score
0.856
0.798
0.999
0.955

0.902

Average

Table 1: Average loU for each segment (colors represent each seg-
ment as in Fig. 2) is calculated between the ground truth multi-view
maps and the view generated by the segmented atlas.

Semantic shading and stylization: We leverage a semantic atlas,
deep stylization models and various shading models for region-
specific stylization and shading, enhancing the visual appeal of 3D
models in a hybrid pipeline, implemented in Three.js which uses
WebGL for rendering [Burl2, CT82,Bl1i77, Xr, SGGW24].

3. Evaluation

We conducted our experiments on the Core dataset [KPR*13] us-
ing a machine with an Nvidia RTX 3090 graphics card.

Quantitative and Qualitative Analysis: We validated our seg-
mentation atlas by calculating the Intersection over Union (IoU)
[Cho21] with ground truth segmentation maps produced by SAM
[KMR*23], revealing an overall average of 0.902 and indicat-
ing the potential for further enhancements through improved UV
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Figure 2: Qualitative analysis: Different segments of the statue
rendered using different stones using our pipeline

parametrization and atlas generation methods. For qualitative anal-
ysis we show that we can stylize different parts of the statue with
different stones as shown in Fig. 2

4. Conclusion and Future work

We presented a hybrid pipeline for stylizing and shading distinct
regions of a 3D model, which offers great potential for creative
content creation in various applications including design, cultural
heritage and architecture. The quality of the atlas generated de-
pends on the segmentation maps derived over multiple frames. Fu-
ture work may aim to optimize this process through Al-powered
tools and the further integration of state-of-the-art atlas generation
techniques, thereby further enhancing the pipeline’s ability to meet
industry needs for high-quality 3D model stylization and shading.
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