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3D Face Reconstruction from a Single Image Based on Feature Kernel Correlation
WANG Along, DAI Jiashu, NI Binfan, CAO Tao
School of Computer and Information, Anhui Polytechnic University, Wuhu 241000, Anhui, China

Abstract: Objective This paper aims to address the issue that existing single-image 3D face reconstruction methods based
on weakly supervised learning focus on global supervision information and lack constraints on local features, which leads to
poor reconstruction results in local facial regions. Methods A single-image 3D face reconstruction method based on
feature kernel correlation is proposed. On the basis of a global multi-level loss function composed of low-level perceptual
loss, mid-level facial key-point loss, high-level identity loss, and shape consistency loss, a feature kernel correlation loss
function was constructed to better constrain local parts, aiming to improve the reconstruction accuracy of 3D faces. Results
The proposed loss function was used to constrain the shape of the mouth. Quantitative comparison experiments were
conducted on the REALY public benchmark, with the mean error of the overall reconstruction being 2. 102 mm and the
mouth reconstruction error being 2. 206 mm. Qualitative comparison experiments were carried out on the FFHQ public
dataset. Finally, ablation experiments and visual demonstrations were performed on the FaceScape dataset and the LYHM
dataset to verify the effectiveness of the proposed loss function and the robustness of the model. Conclusion Experimental

results demonstrate that the proposed reconstruction method outperforms other methods from different viewpoints in both
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overall and local reconstruction. Moreover, the proposed model also exhibits outstanding performance in various poses,

expressions, and lighting environments.

Keywords: 3D face reconstruction; feature kernel correlation; weakly supervised learning; convolutional neural network;
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DECA-f"" 2.138 2.137 0.461 2.802 2.699 0.868 2.457 2.341 0.559 1.443 1.353 0.498 2.210
EMOCA—c!™ 1.868 1.821 0.387 2.679 2419 1.112 2426 238 0.641 1438 1.294 0.501 2.103
FS-Opt—c!® 2516 2382 0.643 2569 2540 0.597 2.350 2.184 0.636 2261 2.205 0.529 2.424
FS-Opt—f*! 2.474  2.352  0.636 2.539 2.495 0.600 2341 2175 0.632 2.259 2205 0.526 2.403
N-3DMM"* 2.936 2.857 0.810 2375 2.390 0.599 4.582 4.452 1.488 1.918 1.717 0.801 2.953
KX Tr ik 1.845 1.786 0.409 2.206 2.187 0.738 2.563 2.514 0.645 1.79 1.606 0.718 2.102
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Fig. 6 Ablation experiments on the FaceScape dataset
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