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Two-stream physms-embedded network Real-world scene benchmark (mean angular errors in degrees) [Shi+18]
Observed H|dden BALL CAT POT 1 BEAR POTZ BUDDHA GOBLET READING COW HARVEST AVG,
> Proposed | 1.47 5.44 6.09 5.79 7.76 1036 1147 11.03 632 2259 883
X — @!‘/ Y e NoGT Observed Photometric stereo network (PSNet) Surface Santo etal. (2017) | 2.02 6.54 7.05 6.31 7.86 12.68 11.28 15.51 8.01 16.86 9.41
i * No training Images MC x HxW normal map Shietal.(2014) | 1.74 6.12 6.51 6.12 8.78 1060 1009 1363 1393 = 2544  10.30
o 9 & Disentanl VA data MxCxHXW — 3XHXW Ikehata & Aizawa (2014) | 3.34 6.74 6.64 7.11 8.77 1047  9.71 1419 1305 | 2595  10.60
senmtangtee L s~ | gl [ | [ [ | __ Goldman et al. (2010) | 3.21 8.22 8.53 6.62 790 1485 1422 1907 955 | 2784 1200
H _______________________ b
Reconstruct ; o E ' > Alldrin et al. (2008) | 2.71 6.53 7.23 5.96 11.03 1254 1393 1417 2148 | 3050 1261
|mage5 observed under Surface normals Physical generative model Higo et al. (2010) | 3.55 8.40 10.85 11.48 16.37 13.05 14.89 16.82 14.95 21.79 13.22
: i inati 3D orientati X = F(¥.2) o ! goe”;llj’l‘;trecom ent Wu et al.(2010) | 2.06 6.73 7.18 650 1312 1091 1570 1539 = 2589 3001 @ 13.35
varying iiuminations ( orientations) R fos1: | BatchNorm | 3 fosz: 15 Noym) ulzingNE_-T) : Ikehata et al. (2012) | 2.54 7.21 7.74 7.32 1409 1111 1625 1617 = 2570 2926  13.74
-1, Rel.U - Sl Shietal. (2012)  13.58 12.34 10.37 19.44 9.84 18.37 17.80 17.17 7.62 19.30 14.58
g Baseline (least squares) | 4.10 8.41 8.89 8.39 1465 1492 1850 1980 2560 3062 1539
Challenges . / images }
Input observed images . Mx (C+1) xHXW ﬁ
MxCxHxW
Complex unknown non-linearity: Real Rendering equation
C C c Batch = = ~ l
objects have various reflectance properties H_)R. O max(#TN,0) -~} | | , | .
(BRDFs) that are complex and unknown 3 Surface Y; Z; g ( l ) I * Each scene is provided 96 images with known lightings. | |
. S normals . . \ « Santo et al. (2017) use a supervised DNN method pre-trained on synthetic data.
Lack of training data: Deeply lea rning S R . B . : i |BatchNomm|x3  fuat|BacehNorm|  fua:|BatehNtm] + 33 Cony 384 x H x W « Others are classical physics-based unsupervised methods.
complex relations of surface normals and g a & & | Helt Helt Helt e T ——
BRDFs is promising, but accu rate|y S Image reconstruction network (IRNet) \ ) S o v w ‘ ‘g o o ‘ ‘ ‘ 5 x ‘ ‘ ‘
. Q
measuring ground truth of surface normals = 2 s
and BRDFs is difficult. N * Global observation blending (®) provides global information to enrich feature maps in IRNet. S = o ‘ ‘ ‘ . 5 a ‘ ‘ ‘
Permutation invariance: Permuting input uminations * Specularity input (5;) gives a hint to IRNet to promote recovery of complex specular reflections. % Q
. | . Output synthesized images O S
iImages should not change the resulting = - 9 ‘ ’ . ‘ ‘ ‘ l ‘ ‘ ‘
1 - ° S QO
surface normals. Our physics-embedded Loss function g T
auto-encoder 0. :
Image reconstruction loss Least squares (LS) prior
1 M A — _, 2 o [ e o
PS as inverse imaging process L = Mzi=1 |7; — IiH1 + A||[N-N Hz Analysis of network architecture and early-stage weak supervision
° ) M|n|m|ZE IntenSIty dlfferences btW ConStraIn the Ou‘lﬂu.t normals I_V to be Close Proposed f (j w‘-"s 1.4lj'AL':_.50 5.4:1:A;.38 G.::T(:JS 5.789EA5R.84 7.7]3601—72.71 1(??:]:1)222 ‘I‘IG.;B]‘I_:E;S ‘ITE:D‘IH[\)IES 6.3(;0:26 2222V:25.23 8.8§V(;-.80 1
RefIECtance (I‘enderlng) equat|on synthesized Ii and observed Ii images, to prior normals N’ obtained by the LS method. No supecular input v v 164 163 709 706 778 7.77 553 5.55 847 834 11.23 11.22 1453 14.59 10.71 10.75 19.04 18.83 26.75 26.71 11.28 11.25
No global observation v v 1.50 1.50 13.18 15.12 847 850 576 574 7.50 7.51 12.76 12.68 12.50 12.54 16.81 20.20 5.40 5.44 25.12 2534 1090 1146 — O
— n — — I: Pixel intenSit known No supervision v v 161 158 530 597 625 1091 553 8.10 8.18 8.70 10.08 10.16 11.67 1429 11.20/2027 6.03 6.72 22.48 3212  8.83 11.88
I — S p (n’ 'e’ v) maX (O’ 'eTn) {O 1} Cast Shayd(c)w (knc))Wﬂ) All-stage supervision v v * 165 1.63 550 555 620 6.16 556 555 8.12 812 10.18 10.22 11.34 11.54 12.98 13.37 9.56 9.80 24.05 23.90 9.51 9.58 LIRS
S: , o o o ( J o -
o i rection Tk Test-time learning with early-stage weak supervision
Point light V. YIeW. Irection (known) No sup. All-stage sup. Early-stage sup. No sup. All-stage sup.
%glsn Iight source E] Camera L I|ght|ng (known) Initialize network parameters randomly. v P \\ ot | | e
. : E SROF (unknown) Compute LS solution N Directl oop:ierr-wi;:I?aI:goml S i \\\
| ./ Specular component | 7: surface normal (unknown) Repeat Adam’s iterations e ey Sl Y : s h———
_ N _ initialized network parameters S e e R . T e I e e e e RN
n ! \ lefu Se COm ponent * RunPSNetto produce a normal m,ap b ~ for a given test scene images. S e \ oo oW
{7‘* 1 / Y ? - Run IRNet to reconstruct all input images as {I;}. (deep image prior [Dmitry+18]) ~ 1\
Attached shadow \ P \ Po « Compute the loss and update network parameters. TN | T HE ™
« Terminate the prior (1, « 0) if iterations > 50 (because the prior has low accurac 3 | i
Cast shadow : = : = prior (4, < 0) ( & Y) § e e e I T

General BRDF Diffuse reflect. Until convergence (1000 iterations) Termination of supervision Termination of supervision




