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3D Face Reconstruction from a Single RGB Image via
Normal-to-3DMM Regression
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Abstract

In this paper, we propose a normal-to-3DMM regression-based approach for efficient and accurate 3D face reconstruction from a
single RGB image. Recent advances in 3D face reconstruction have introduced hybrid methods that leverage pixel-level geometric
information to achieve high reconstruction accuracy. However, such methods typically rely on iterative optimization, resulting in high
computational cost and slow inference speed. To address this limitation, we propose a normal-to-FLAME network (N2FNet), which
directly regresses the parameters of a 3D morphable face model (FLAME) from the surface normal map estimated by an existing
hybrid method, Pixel3DMM. Instead of directly predicting high-dimensional 3DMM parameters from RGB images, the proposed
approach first alleviates geometric ambiguity through RGB-to-normal regression and then performs normal-to-3DMM regression,
thereby improving both training stability and computational efficiency. In addition, we generate a large-scale synthetic dataset
composed of normal maps and corresponding ground-truth FLAME parameters by sampling the FLAME parameter space, and further
mitigate domain gaps through fine-tuning on real-world datasets. Extensive experimental results on the Multiface dataset and other
benchmarks demonstrate that the proposed method significantly outperforms existing regression-based approaches in reconstruction
accuracy, while achieving comparable geometric accuracy to Pixel3DMM with substantially improved inference speed.
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Fig. 1. Overview of the proposed 3D face reconstruction method
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1. Multiface 300W
Table 1. Ablation results on the Multiface and 300W datasets

CD
Method NME
face | eyes | nose |mouth| ears

baseline 126 | 1.05| 1.30 | 1.22 | 2.52 | 6.68

+ two-stage training 119 (101|116 | 114|271 | 6.64

+ fine-tuning on real data| 1.18 | 1.00 | 1.15 | 1.13 | 2.69 | 5.50
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3. Multiface
Table 3. Quantitative comparison with existing methods on the
Multiface dataset

Method CcD MNE CR FPS
DECAP! 1.36 0.266 0.77 48.38
EMOCAR! 1.48 0.289 0.73 36.38
SMIRK?? 1.34 0.264 0.77 100.36
Pixel3DMM" 1.13 0.227 0.84 0.27
Ours w/o seg 1.21 0.266 0.82 9.48
Ours 1.18 0.235 0.82 6.42
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