Learning Visibility Field for Detalled 3D Human Reconstruction and Relighting
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This work aims to solve two problems in sparse-view 3D human reconstruction Pa—— Feature Visibility-guided Reconstruction &
- Multi-view feature Aggregation is ambiguous given occlusion et Feature Aggregarion T
- Self-shadowed Relighting is expensive due to dense light attenuation query W N | T
f — Shading — — — —» %‘\;w
U N 4
SUMMARY | I prr B N
We find both can be solved by explicitly modeling a visibility field b, -~ - y i, e —~ —» Albedo ————— . &
Thus, our contributions include: 14 &' I £ L V,s,b,my
. T . . . a —p —> If'y‘);\ RN
- A well engineered visibility representation to improve query efficiency : *ﬁ‘ = {3:> » Fagq N —» Occupancy ———»
- An end-to-end framework to make joint visibility learning feasible - Jutdy A o Relit
- A simple method to regularize field alignment RGBD-MASK v
P iy Feature over 092 - 015 ;
REPRESENTATION Voxelize Lints T receptive field 0.90 - 0.16 - 0.70 1
. . . . i = = il —  Average
Evaluating light attenuation is > B (cue for visibility) 0.88 19 —= Aention| 014 - | 065
. . . P DU N B ) P 0 5n  saesssec i D | BECEXY ours N =
expensive even after parameterizin V w _ _ _ s : 012 Ly S
vis?bility using MLP P J B | () Toinfer other directions, L . Grid feature 2345678910 2345678910 2345678910
X F [] | @ e apply top-k cosine Depth f % ' (cue for occupancy) RGB High-res Feature maps PSNR 1 SSIM 1 LPIPS |
distance interpolation _ e . . REELIID og ]
&IF:| % ‘ L1 | m . P Pointcloud Low-res Feature volume (inpaint details) |, | ; ¥-\_§,
E 1 . . i 20_: 0.7_:- p———— 0.3—.“\\—‘.
S As the noisy surface samples, reasoning depth 020 oD feature ablation N /2"—‘ A
== ;™= =1 . . . . o™ — 7] e = - "o..
T @ i ) I_LFI> i D ! pointcloud, specifically with 3D convolution over 0.15 - IX — ;g igg_D T 0.6 [ e e
L-t-- i Single call multiple output sufficiently large receptive field, provides crucial cues otod Fix o 3D 2345678910 2345678910 2345678910

for inferring underlying surface (occupancy), as well as ~ Ours (3D + 2D) View number ablation

Feature duplication
A

0.05 - :
Instead, we keep uniformly | its directional self-occlusion (visibility) 000 )
1= 7T = - i"'u'"i-r} sampling directions fixed and : 0257 16 24 32 40
Lo B oMo predictvisiityover | 4w | FIELD ALIGNMENT REGULARIZATION Mot e o
— ALL those directions With the bridging of 3D feature, the visibility
Multiple calls naturally constraints the presence of surface
| (occupancy). By prioritizing prediction accuracy A4 4' |
i— T ~ \ We W6|ght mU|t|'V|eW feature based be |mp||C|t|y enforced_ . ]
| ' on their visibility Ambiguous surfaces
l

(1 MLP call plus interpolation cost) \ presence

In practice, we sample GT
surface point with normal,
compute diffuse transfer
using inferred visibility and
supervise it with GT
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