E-mail: jig@aircas.ac.cn EPEI%&%??E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O HEERERFRIRINFE

HEESES TP391  XEKERIRE: A XEHES: 1006-8961(2025)04-1155-15
X5 A& :Hu J P and Zhou Y. 2025. 3D stylized portrait synthesis and structured face modeling. Journal of Image and Graphics, 30(4) : 1155-
LI69CHAET, JRIR . 2025, =2 XUk AL ARG Az 5 25 A i . v [ BT B 2441k, 30(4) :1155-1169) [DOL: 10. 11834/jig. 240380 ]

ZHNXIRU AR ER S SR EE

W, B

NI AL FAF2 B, I 518060

M OE: BE AR AR XS T 20 LA B RARLZE A9 N LA, 581k 25 T A 2 A B2 R R AL
MRS ALY = R AR R . ST 0, $ HH — PR TR G 1) = 4 A WS AL S 45 AL R T ik . iR BT EAR
ALRERS 5 UR W AR T (9 KUK AL A LI , 3 B A i A I T = 4 RO RS AERL 1 BE 7, R Tl = 4
PR L KR I ) S 3G 18] o BAARSRE0, B8 1 T — T B B B 25 A A — 248 XA TS A I AE 2 | S A4 — 28 Ak
A AR T RS T 2 LR 2 i N S T A A0 B . e AR A I RUAS AR ST 8 5 SR M A ] = 4R
A L ARG — I R X S e X 5 T R A 2237 1 e e LI A R R T = AR AR v e LI TR 22 A
LT AR B0 JEE 1A D10 T AT AR ) S BN 4T, 5 3 3 il 15 22 R SO PR NG P17 B R A SO P B8R AR S0 = 4K
FIARS A A5 3 FID (Fréchet inception distance ) F8 AR %0 H SE 50 b S 4 HOBE T A9 771, I BB AE 2 Fh KUk 38l A=
IR TR I A AL AR BE18 OTE BB RO e T (A R Ak = Al KUK A AR A v R Y
AR KA AL S S B 1] e A, S R A 25 A AR R BB 6% T R (M ] T =4 AR AR G R IFE 55
SHEIR  MLDE AR I = URS A 2E s = AR A 1 BT 4% s s ik

3D stylized portrait synthesis and structured face modeling

Hu Jiaping, Zhou Yang'
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Abstract: Objective Facial image stylization and 3D face modeling are important tasks in the fields of computer graphics
and vision, with significant applications in virtual reality and social media, including popular technologies such as virtual
live streaming, virtual imaging, and digital avatars. This work focuses on 3D facial stylization and generation to produce
novel and stylized facial views from a given real face image and a style reference. The novel views can be rendered at corre-
sponding angles by inputting camera poses in 3D space. Meanwhile, these views need to maintain good 3D multi-view con-
sistency while expressing the exaggerated geometry and colors characteristic of the given artistic style reference. Facial styl-
ization and facial modeling are prominent tasks in the fields of computer graphics and vision, with significant applications
in virtual reality and social media. These applications include popular technologies such as virtual live streaming, virtual
imaging, and digital humans. This paper addresses the task of 3D facial stylization generation, aiming to produce facial
views from corresponding angles by inputting camera poses in 3D space. These views need to maintain good 3D multi-view
consistency while expressing the exaggerated geometry and colors characteristic of artistic styles. Existing methods for 3D

facial generation can be broadly categorized into two types: those based on 3D deformable models and those based on
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implicit neural representations. Methods based on 3D deformable models often struggle to express non-facial components
such as hairstyles and glasses, which severely limits the quality of the generated results. On the other hand, methods based
on implicit neural representations, while capable of achieving good generation results, tend to produce severely distorted
facial views under large camera poses, such as side profiles. Additionally, the results of implicit methods typically include
only facial geometry and multi-view facial views, making it difficult to integrate them with mature rendering pipelines. This
limitation hinders their application in practical scenarios. Consequently, both existing 3D facial generation methods face
challenges in producing high-quality 3D stylized facial models with good structured modeling, i. e. , 3D facial meshes and
topologically complete texture maps. Method To address the shortcomings of existing methods, this paper proposes a novel
approach for 3D stylized facial generation and structured modeling. The goal of this paper is to train a 3D aware stylized
facial generator within the style domain of a specified artistic facial sample. This generator should be capable of producing
high-quality 3D facial views from any angle in the specified style, including large-pose side profiles and back views. Fur-
thermore, based on multi-view facial data, the generator should produce structured 3D facial models, including facial geo-
metric mesh models and corresponding texture maps. To achieve this, the paper proposes a two-stage method for 3D styl-
ized facial generation and structured modeling. The method comprises two main steps: 3D aware facial generator domain
transfer and multi-view constrained facial texture optimization. In the first stage, the paper utilizes 2D facial stylization
prior methods to perform data augmentation on artistic style samples, generating a small-scale artistic style facial dataset.
Subsequently, the camera poses and facial masks of the facial images in this dataset are extracted sequentially. The anno-
tated stylized facial dataset is then used to fine-tune a 3D aware generator in the natural style domain. The fine-tuned 3D
aware generator can generate high-quality multi-view facial views and 3D mesh models. The focus of the second stage is to
optimize facial textures using multi-view images from a set of directions. The paper first performs smoothing and UV
unwrapping on the facial mesh. To align the volumetric rendered facial views with the differentiable rendered facial views
for pixel-level loss optimization of facial textures, the paper proposes a simple and effective facial view alignment strategy
based on mask affine transformation. Finally, multi-view facial supervision is used to optimize facial textures, and the final
facial texture map is obtained through texture fusion. Result To demonstrate the superiority of the proposed method, the
paper compares the two-stage 3D facial generation and structured modeling method with existing advanced baseline meth-
ods. This comparison illustrates the quality of 3D aware stylized facial generation and the effectiveness of structured facial
mesh generation. Additionally, to demonstrate the effectiveness of each stage component of the proposed method, the
paper includes ablation studies for the key components of the method. The use studies illustrate the correctness of the pro-
posed method. Qualitative and quantitative experiments show that the proposed method can effectively construct high-
quality structured 3D stylized facial models and generate high-quality stylized facial views. Moreover, the explicitly mod-
eled structured facial models can be more conveniently applied to downstream tasks related to 3D faces. The results indi-
cate that the proposed method not only achieves superior performance in generating stylized facial views but also ensures the
structural integrity and applicability of the generated 3D facial models in practical scenarios. Conclusion In general, this
work presents a comprehensive approach to 3D stylized facial generation and structured modeling, addressing the limita-
tions of existing methods. By leveraging a two-stage process that includes domain transfer and multi-view constrained tex-
ture optimization, the proposed method achieves high-quality results in both facial view generation and structured model-
ing. The effectiveness of the method is demonstrated through extensive experiments, highlighting its potential for practical
applications in virtual reality, social media, and other related fields.
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Fig. 5 Pipeline of stage two: texture optimization with multi-view constrains
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Fig. 7 Results of 3D aware stylized face generation based on style exemplars
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Table 1 Quantitative comparison of the domain adapta-

tion results of 3D aware face generation
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Fig. 12 Results of generator domain adaptation with different

data augmentation scales
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