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3D Face Reconstruction from a single 2D photo
Problem Setting & Motivation

1. CRE aligns better with human perception of reconstruction quality. It achieves 
74% of perceptual accuracy (vs 0.42–0.54 for NMSE) 

2. CRE detects bias w.r.t. age which is strongest in cheek region (Pearson 
correlation up to 0.88).

3. CRE offers preliminary evidence of gender, ethnic, and morphological biases.
These findings suggest that 3DMM representational bottlenecks are inherent to 
their linear prediction subspaces rather than a failure of 2D-to-3D inference.
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1. Curvature-Aware Evaluation Framework
2. Perceptual Validation
3. Systematic Bias Discovery

RQ2: Age – CRE Pearson Correlation

RQ3: Ethnicity with respect to Error Clusters

RQ4: Morphology Traits with respect to Error Clusters

What we had before: NMSE 

where   is point-to-surface mapping.

⤬ Point-to-surface distance 
⤬ Global fidelity only
⤬ Insensitive to ridges, creases, folds
⤬ Near-random alignment with human judgment (accuracy 

)
⤬ Detects NO significant age or ethnicity bias
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≈ 42 − 54 %

What we propose: Curvature Reconstruction Error 
(CRE)

where  is mean curvature,  is the diagonal mass 
matrix whose entries   correspond to the barycentric 
area for each vertex .

✓ Curvature difference
✓ Sensitive to local surface geometry
✓ Captures ridges, folds, undulations
✓ Aligns with human judgment (accuracy )
✓ Detects significant age bias and preliminary detects 

ethnicity bias
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≥ 73 %
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Comparison of Reconstruction Errors

with   the mean face,  PCA basis and  the shape 
parameters, .
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✴Finite Training Data: BFM: 200 scans, FLAME: 3,800 
scans 

✴Mostly young Caucasian adults

3D Morphable Model (3DMM)

Basel Face Model 
(BFM)

, Nv = 53,490
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Protocol
• 19 annotators, diverse backgrounds
• Pairwise comparisons of nose reconstructions
• 2,414 pairs → 1,085 labeled (≥75% agreement, 
≥5 votes)

• BFM reconstructions of REALY faces

• Asian and African 
participants share a 
specific failure 
mode. 

• 3DMM failure 
modes are 
systematic rather 
than stochastic.

Curvature Reconstruction Error (CRE) better aligns 
with human perception of reconstruction quality

• CRE detects 
bias w.r.t. age, 
whereas NMSE-
based metrics 
cannot capture it


