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Abstract

Generating high-fidelity 3D facial textures from a single outdoor image is a challenging task. While
existing methods have made significant progress in color and lighting recovery, they still struggle
to accurately reconstruct mid-to-high frequency texture details. This is primarily due to the lack of
real facial UV texture datasets. Most models are trained using synthetic UV texture maps, which in-
herently differ from real UV textures due to the absence of ground truth supervision, leading to in-
accurate texture distribution learning. In light of this, we attempt to use detailed textures from the
original image space to guide the generation of UV texture maps in the UV space. We propose a two-
stage training approach to alleviate the loss of personalized details caused by training models solely
on synthetic UV texture maps. Additionally, leveraging the exceptional performance of diffusion
models in image generation tasks, we design a cross-domain guided diffusion model. This model
encodes detailed information from both spatial and frequency domains into high-level semantic
conditions to guide the diffusion process for near-accurate reconstruction. Finally, we integrate the
cross-domain guided diffusion model as a UV texture generator into a 3D reconstruction framework
to reconstruct high-fidelity 3D facial textures. Experimental results demonstrate that our proposed
cross-domain guided diffusion model effectively generates mid-to-high frequency texture details
and significantly outperforms other 3D facial texture generation methods in both quantitative and
qualitative analyses.
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Figure 1. The architecture of cross-domain guided diffusion model
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Figure 3. Visual effects comparison
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