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Problem

Method
MICA (Metric Face) \

A metrical face shape predictor which is invariant to expression,
pose and illumination, by exploiting generalized identity features
from a face recognition network and supervised learning.

/ Evaluation ™~
Current benchmarks [1] are scale invariant, and optimize for

the optimal scale between reconstruction and reference
during evaluation, thus, they are not metrical. Instead, we
directly evaluate the reconstructions In metrical space,
leading to a new benchmark NoW-Metric.
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Goal: Given an RGB image, predict a metrical face shape.

Problems:

« Self-supervised methods [0,1] are not able to predict metrical
faces due to the scale ambiguity of the perspective projection.

Qo large-scale dataset available for supervised training. /

Dataset

3D face reference data for about 2300 subjects, built by unifying
existing small- and medium-scale datasets under common
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Applications
 Measuring distances on the face (e.g., for virtual mirror)

FLAME topoloav. _ _ _ . Non-Metrical Metrical (mm)
POIOgY * Metrical face tracking (required for AR/VR avatar applications) Mothod Median Mean Std | Median  Mean  Std
 Camera Intrinsics estimation
SBAD [ Average Face (FLAME) 1.21 1.53 1.31 | 1.49 1.92 1.68
2] 3DMM-CNN 184 233 2.05| 391 484 4.02
PRNet 1.50 1.98 1.88 — — —
R I Deng et al (TensorFlow) 1.23 1.54 1.29 | 2.26 2.90 2.51
t o Deng et al (PyTorch) 1.11 1.41 1.21 1.62 2.21  2.08
BU3DFU [3] / eS u S \ » RingNet 121 153 131| 150 198 1.77
e 3DDFA-V2 1.23 1.57 1.39 1.53 2.06 1.95
Most of the existing methods do not capture size of kids, e MGCNet 1.31  1.87 263 | 1.70 247 3.02
instead predicting the average shape of an adult. UMDFA Loz 189 Loy 230 297 2.07
FaceWarehouse [4] P J J P » Dib 126 157 1.31] 1.59 212 1.93
e DECA 1.09 1.38  1.18 1.35 1.80 1.64
N o FOCUS 1.04 1.30 1.10 1.41 1.85 1.70
= e Ours 0.90 1.11 0.92| 1.08 1.37 1.17
LYHM [5] =
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