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Abstract

Addressing the limitations of existing monocular 3D face reconstruction methods in capturing fine
details and preserving identity information, this paper proposes a coarse-to-fine framework for
3D face reconstruction. The framework initially generates a basic 3D face model using feature pa-
rameters extracted from a 2D facial image and employs a multi-scale identity feature extractor to
capture personalized characteristics. Subsequently, an adaptive weighting strategy is utilized to

NEGIH: FER, W, R, 28R, IR, TR mEBRER SRR E S R, RS
Fi, 2024, 14(4): 255-267. DOI: 10.12677/csa.2024.144095


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2024.144095
https://doi.org/10.12677/csa.2024.144095
https://www.hanspub.org/

i
o3

%

select the most relevant features for the reconstruction task. In the fine reconstruction phase, the
focus is on geometric detail reconstruction, integrating identity and expression encodings into a
geometric detail generation network to produce detailed geometry specific to the individual's
identity and expressions. Finally, a differentiable renderer is employed to convert the 3D face
model into a 2D facial image for self-supervised training. Experimental results on the CelebA and
AFLW2000-3D datasets demonstrate that the proposed framework can reconstruct more realistic,
natural, and highly personalized 3D face models from a single image, outperforming existing me-
thods in terms of detail capture and identity preservation, thus holding promising potential for
various applications.
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Figure 1. Coarse-to-fine 3D face reconstruction framework
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Figure 2. Multi-scale personalized feature extraction module structure
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Figure 3. Facial geometric detail generation network structure
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Figure 4. Cross-attention network architecture
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Table 1. Quantitative comparison between the proposed method and other methods on the AFLW200-3D dataset
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Figure 5. Qualitative comparison between the proposed method and
other methods on the AFLW200-3D dataset
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