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Outline

» Background
= Surface Normal
« Photometric Stereo (PS)

= Inverse Rendering

« Neural Inverse Rendering 7|2 PS
= Neural Reflectance for Shape Recovery with Shadow Handling (CVPR 2022, Oral)

» DANI-Net: Uncalibrated Photometric Stereo by Differentiable Shadow Handling,
Anisotropic Reflectance Modeling, and Neural Inverse Rendering (CVPR 2023)
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Background

» Surface Normal
- Surface normal map= =X 2] M HH H|O|HZ LIEHH O[O]X]|
-3D H|O|E{ & 2D H|O|H 2 &S|
- Zp T 0| CHol M ' MIE 2| XYZ 2442 RGB 42

=
- 7H0| 2F, B = BHEERRO| X E (0,0,)2 2 2|5t HE X AN =M 2

X:—1to1l R : 0to 255
(Y:—ltol) (G:Ot0255>
Z:0tol B : 128 to 255
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Background

» Photometric stereo (PS)
- LYot 8 ZANM X E EHESHY normals THSH=E AHFH H|IW 7|=
- AH XA HO|Ho| = 20 2} calibrated / uncalibrated PSE =&
~Input: 02| =Y =7 (M| 7], &ehHo| M K| = E It O|0|X| (+ &el M|7|, 22k H|O|H)

- Output : Normal map

Images captured under spatially-varying lighting
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Background

» Photometric stereo (PS)

= NeRF vs PS
Multi-view | | Single-view
Fixed Lighting | | Varying Lightings e NeRF
C‘:’; ‘\'5:) | ' THIA DY
| | 7ot 2t B
0O - 4D H|O|H
oA [RGB, Density]

N B . PS
| ek

et 4 0™

| | - 2D normal H| 0| E
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Background

» Photometric stereo (PS)
. PS EdlE
- SR BEI T EX] Y=

;' Unsupervised = Learning + Rule / Supervised = Learning

Calibrated PS
Photoemetric
Stereo
Uncalibrated PS
R AR Hdkan
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uncalibrated PS T2 =&0| LI 2, top-tier 22| =
CH M| ™ © 2 unsupervised uncalibrated PSE TX| £ LIS
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Supervised
(Decoder — Encoder)
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Unsupervised
(Inverse Rendering)
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Background

* Inverse Rendering

- Z} 3D 0| O E{ 2} rendering equation= O|- 850 ot g G| O] & 44
- 0|0| X| = BRDF, normal, light & 3D CIO|E{ 2| Zgto 2 Mgt 4= Qg
-HERA FSBOAMel 45 /1d0] Ot +=A4H =& =0l d5= W HAE
- 2hd/ 2 E HIO|E ] loss/t EHE X5 3D HO|E == HERIAE o5
Input observed images
Ours Ground truth

Reconstruction loss

surface normals

Input ||Ium|nat10ns
Output synthesized images P
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Background

* Inverse Rendering

- Bidirectional Reflectance Distribution Function (BRDF) : S10| O =X|0f| £ X
M, HOrLf B2 O] BEALE|=7HE LIEtL = 71 'E

- Shadow : = X7t Bl= 7teAM SH|2] A HO| E2|/X|= A2 =
- Shading : X ZT=0f (e} =M | ==& LIEIL = 18
- 1 20| = BhALY S CHYet 719 2471 g

Shadow 4 I—P Shading

-

1@, )|=p(n & ohir,s (0,9) iz )7 €] + ¢
Our Goal

. . Bidirectional Reflectance Distribution Function
Perceived light 4= ,
(BRDF)

=
=
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Background

* Inverse Rendering

- Bidirectional Reflectance Distribution Function (BRDF) — &2k HiAlE2 2
-S0[ o SN0 RN S M LOFL; B2 HO| BEALE| =71 LIEIL = 708
==

=

. =
== Lambertian reflectanceS 73
5t
—=

' Specular BRDF : Non-Lambertian reflectance= 7H3StH =42 & EH S HHY

> x, ym2E E0| Z€ 2™ isotropic, L2 M anisotropic

diffuse narrow specular full BRDF

HHE}2 24

R 4B THSED (K1 BEAFS 0.035%) |VDS I

SOGANG UNIVERSITY 9



Background

* Inverse Rendering

» Shadow
-=N7tYZ 7t M X e ST E2|/X|= d2 =, AKXt
3R

;s Attatched shadow : 0= 7t2|1 = =M 2| BICHHE £
sz Cast shadow : O QS| A HIE EE= CHE EHO| @k

Attatched
shadow

Cast
shadow
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Background

* Inverse Rendering

- Shading

-S| A0 et S XM £ =S LIEIH = 78

vNormalZf light2| 20| 22 [ 27 =10, 2ieko| &t

Ho
P
|_|-|
N
AL
0jo

Norma

Shading = [nT1]
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Neural Inverse Rendering 7|2 PS

» Neural Reflectance for Shape Recovery with Shadow Handling (2022 CVPR Oral)

« Contribution

- Shadow Rendering : 7| = 2 & 2| shadows L 2{o}X| EOtM EMSt= Hs

Xot= s &2
- BRDF : Diffuse reflectance 1129 = 2t OfL| 2} specular reflectance”7t X| Bt BSHY d-5 714
Light direction I I I
I Iuh|

Rende:l'lng N I
(d) Equation

Coordinate
2y —— [ ] -
M

b n c Pd

ﬁ_r}r'rl =|1- nTvZ|

I ] il
Shadow Rendering
>
z

- _ 5] =
R Ay k-t Neural-Relfectance-PS 2 & .
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Neural Inverse Rendering 7|2 PS

» Neural Reflectance for Shape Recovery with Shadow Handling (2022 CVPR Oral)
- Shadow Rendering

- ShadowOf| CHBF HIE &2 shape T= H5= TFHA|

oy

- Depth H|O|H & 7|82 2 B0l [[}E occlusion HF Z73 > 0, 12| binary ZIOE ==

- Light segment % 2| E Of| CHSH A surface2f sample AFO|2| XL AHE2|¢t S 7| &2 B
§ = step f:minl[qul::r:{!}} — L.(2(t))]), =x=(t)=x -t
x(t)
Camera = *}éﬂ_ Estimated Depth Rendered Shadow

G e ,f?m
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Neural Inverse Rendering 7|2 PS

» Neural Reflectance for Shape Recovery with Shadow Handling (2022 CVPR Oral)

- Specular Reflectance
- Specular reflectance= k7 2| coefficient2 specular basis2| =2 =2 2| &
- Material MLP-E Sl Zf basesO| CHS! coefficient ¢, & =

- Specular MLPO]| light, normal H|O|EH{ & & StX] specular bases by & =

256 256

256
l ' I I e I
Light direction
S
1+

(a)

256 256 256
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Neural Inverse Rendering 7|2 PS

» Neural Reflectance for Shape Recovery with Shadow Handling (2022 CVPR Oral)

- Experimental Results (DiLiGenT)
- Real data / 96 22| ZHH M EHHE 96 2| O[O|X| /1070 S22 / GT normal B

Y
“1;'.-"%

@) HARVEST
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Neural Inverse Rendering 7|2 PS

» Neural Reflectance for Shape Recovery with Shadow Handling (2022 CVPR Oral)
- Experimental Results (DiLiGenT)

GT normal ‘ Methods ‘ Ball Bear Buddha Cat Cow  Goblet Harvest Potl Pot2 Reading Avg.
No Ours 243 3.64 8.04 486 4.72 6.68 1490 599 497 8.75 6.50
No TM18 [2¥] 1.47 5.79 10.36 544  6.32 11.47 22.59 6.09 7.76 11.03 8.83
No BK21 [14] 378 5.96 13.14 791 10.85 11.94 2549 875 10.17 18.22 11.62
No L2 [32] 410 8.40 1490 840 25.60 18.50 30.60  8.90 14.70 19.80 15.40
Yes PX-NET[17] | 2.00 3.50 7.60 430 4.70 6.70 13.30 490 5.00 9.80 6.17
Yes WJ20 [31] 1.78 4.12 6.09 4.66 6.33 7.22 1334 646 645 10.05 6.65
Yes CNN-PS[12] | 220 4.10 7.90 4.60  8.00 7.30 1400 540 6.00 12.60 7.20
Yes GPS-Net [35] | 292 5.07 1.77 542  6.14 9.00 15.14  6.04 7.01 13.58 7.81
Yes PS-FCN [7] | 2.82 7.55 791 6.16  7.33 8.60 15.85 7.13  7.25 13.33 8.39
GT Normal | # Inputs | 96 16 10 8
No Ours 6.50 6.82 7.47 7.70
Yes LMPS [10] 8.43 9.66 10.02 10.39
Yes PX-Net [17] 6.17 — 8.37 —
Yes SPLINE-NET [ 5] — — 10.35 —
A | VDS |
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Neural Inverse Rendering 7|2 PS

» Neural Reflectance for Shape Recovery with Shadow Handling (2022 CVPR Oral)
. Experim_ental Results (DiLiGenT)

Observed lnmges at: A

LlEht d.lrecnons Rendered Shadows at: A

Our Depth GT Normal Ours (w/ shadow) Ours (w/o shadow) w/ vs. w/o shadow
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Neural Inverse Rendering 7|2 PS

« DANI-Net: Uncalibrated Photometric Stereo by Differentiable Shadow Handling,
Anisotropic Reflectance Modeling, and Neural Inverse Rendering (2023 CVPR)

- Contribution
- Differentiable Shadow : Binary shadow”} O} &l continuous shadowsS FTEH 2 EMN ds 71 M
- Depth-to-Normal : | E /3 210] depthE &6l normal2 T2 2 M complexity 242

- Anisotropic Specular : & 28 (isotropic)O| OF 'l 0¥} (anisotropic)= L 2{siA Hs 74

u DepthMLP \
>
1 || Epac g
2 o
: S,
o(u;, vi)— 1
rk / rk ( I ej) Rendering L:
14 O @ Equation IR

w;, v;: images coordinate ~
w, :depth \\
ny; :surface normal 3. N
ry,r)" anisotropic lobe's roughness d ) <

¢/ :anisotropic lobe's weights MaterialMLP pi

I; :light direction L 5
¢; : light intensity 1
pd . diffuse reflectance C; RLL

Lig : inverse rendering errors
my; : rendered RGB

iy, : observed RGB
Net 2&l 1x
R 447 T) 8k DANI-Net 2 & IVDSI
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Neural Inverse Rendering 7|2 PS

« DANI-Net: Uncalibrated Photometric Stereo by Differentiable Shadow Handling,
Anisotropic Reflectance Modeling, and Neural Inverse Rendering (2023 CVPR)

« Contribution

o

- Differentiable Shadow : Binary shadow”} O}l continuous shadow= TS EM H5 7HM
sto 2

- Depth-to-Normal : U/ E®|3 10| depthE &5 normal2 == M complexity

7t
|:|
~ Anisotropic Specular : &% (isotropic)O| OF Ll O|2-d (anisotropic)= L 2{oiA] ds 7i M

¢ D909
o Oe

COPPER STEEL
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Neural Inverse Rendering 7|2 PS

« DANI-Net: Uncalibrated Photometric Stereo by Differentiable Shadow Handling,
Anisotropic Reflectance Modeling, and Neural Inverse Rendering (2023 CVPR)

- Differentiable Shadow
- Differentiable shadow S & ot Tl E 22 shape-light += d52 &AL
- 20| I}Z occlusion= 11243l A shadow= Al 4F > Depth | O] E{ 2 light H|O|E{ & O|&
- Light segment ¥/ 2| 72 0| CHSH A surface@t sample AFO|2| Z|CH AHE2|ZfS 7|22 27
si; = Sigmoid(a(min{wk, — %1 <k < N,}) + )

Uniform Sampling Along Shadow
Light Segment

Bilinear Interpolation .
P Calculation

l E Light Direction [; o o o Sampled Points (ufj, v}, ;)|
. |
rfq ' e Reference Point p, » o o Surface Points (uf‘j.uf},wu) |
U: : p?*’ —>e Light Segment :
AT HE D
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Neural Inverse Rendering 7|2 PS

« DANI-Net: Uncalibrated Photometric Stereo by Differentiable Shadow Handling,
Anisotropic Reflectance Modeling, and Neural Inverse Rendering (2023 CVPR)

- Depth to Normal
- Depth2t normal AFO| 2| 2 A A2 5| = (Depth HIO|HO| M 57H2] QI Z 0| &)
- Query point2t 471 2| QAU HH M| depthét= Soll 4712] Wt HEHE A
-2t 2 eF I = meshE A0k |0 1Bt 47 meshl| normalE@ =&

- ZF mesh®| 47} X| normal 0| CH St interpolation= M-85t query normal& T

k+1

’}’f NOI[(P{ — p;) X (P? —Pq:)]-r

NS VDS
(O
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Neural Inverse Rendering 7|2 PS

« DANI-Net: Uncalibrated Photometric Stereo by Differentiable Shadow Handling,
Anisotropic Reflectance Modeling, and Neural Inverse Rendering (2023 CVPR)

- Anisotropic Specular reflectance
-AHO| F M= O|8d 2| specular reflectance?! 827t L E 20|22 7|&E9| s4d
specular reflectance = 2 20| O|Hd HdEHZ _T'_E1<=’F - O'EE i A

-MLPE &0l Zf basesOf| Chivhx, y = A&ty Yie coefﬁ01entc £ st&

’ k
- Normal G| O| E{ @} parameter, coefficient@}2| =A™ HO|Z S5l A anisotropic reflectance
|:.|| o| E-| AN A

I—* ¥, 1) Ol [Ch2F basis2| highlight & E} 7t HHE

() (%) .

L JIG 2 2
R {4 i LG s

Q@@ Q| - et siidn v

R S T B VDS
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Neural Inverse Rendering 7|2 PS

« DANI-Net: Uncalibrated Photometric Stereo by Differentiable Shadow Handling,
Anisotropic Reflectance Modeling, and Neural Inverse Rendering (2023 CVPR)

- Experimental Results (DiLiGenT G| O] E{ All)

Table 2. Quantitative comparison in terms of MAE of surface normal on DILIGENT benchmark dataset [
underlined numbers indicate the best and the second-best results among UPS methods, respectively.

{0]. Bold numbers and

Method BaLL BEAR BUDDHA CAT Cow GOBLET HARVEST Potl Pot2 READING AVG
LS [45] 4.10 8.39 14.92 8.41 25.60 18.50 30.62 8.89 14.65 19.80 15.39
TMI18 [43] 1.47 5.79 10.36 544 6.32 11.47 22.59 6.09 7.76 11.03 8.83
LL22 [25] 243 3.64 8.04 4.86 4.72 6.68 14.90 5.99 4.97 8.75 6.50
PF14 [34] 4.77 9.07 14.92 9.54 19.53 29.93 29.21 9.51 15.90 24.18 16.66
CH19 [¥] 2.77 6.89 8.97 8.06 8.48 11.91 17.43 8.14 7.50 14.90 9.51
CW20[10] 2.50 5.60 8.60 7.90 7.80 9.60 16.20 7.20 7.10 14.90 8.71
SCPS-NIR [26] 1.24 3.82 9.28 4,72 5.53 7.12 14.96 6.73 6.50 10.54 7.05
DANI-Net w/o s 1.71 3.95 8.71 495 4.95 6.80 16.00 7.04 527 9.32 6.87
DANI-Net w [25] 1.64 4.03 9.16 527 5.22 6.98 16.43 6.85 5.52 9.53 7.06
DANI-Net 1.65 4.11 8.69 473 5.52 6.96 13.99 6.41 5.29 8.08 6.54

Table 3. Quantitative comparison in terms of MAE of light direction and scale-invariant error of intensity on
dataset [10]. Bold numbers and underlined numbers indicate the best and the second-best results, respectively.

DILIGENT benchmark

BaLL BEAR BUDDHA CAT Cow GOBLET HARVEST PoTl PoT2 READING ANVG
Model dir. int. dir  int.  dic  int.  dir it dir.  int.  dir  int.  dirn. it dir  int. i int.  dir ot | dir  inL
PF14 [34] 490 0036 524 0098 976 0053 531 0059 1634 0074 3322 0223 2499 015 243 0017 1352 0.044 2177 0.122 | 1375 0.088
CHI9 =] 327 0039 347 0061 434 0048 408 0.095 452 0073 1036 0067 632 0082 544 0058 287 0048 450 0.105 492  0.068
CW20([10] 1.75 0,027 244 0101 286 0032 458 0.075 315 0.031 298 0042 574 0065 141 0039 281 0059 547 0048 | 332 0.052
SCPS-NIR | 16] 143 0019 156 0019 422 0021 441 0032 494 0062 226 0042 641 0023 346 0030 419 0082 734 0.035 4.02 0037
DANI-Net wio s 1.25 0020 208 0026 250 0021 309 0027 212 0059 289 0447 527 0026 423 0.031 276 0086 545 0.026 | 3.16 0.037
DANI-Netw[25] | 1.24 0.020 169 0024 307 0.021 328 0.026 241 0.058 3.01 0.043 647 0030 450 0029 330 0084 537 0025 | 343 0,036
DANI-Net 123 0020 371 0022 263 0025 332 00290 419 0055 165 0044 634 0026 417 0029 342 0079 328 0028 | 339  0.036
R BTN D VDS
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Neural Inverse Rendering 7|2 PS

« DANI-Net: Uncalibrated Photometric Stereo by Differentiable Shadow Handling,
Anisotropic Reflectance Modeling, and Neural Inverse Rendering (2023 CVPR)

- Experimental Results
Light Directions
B C D Normal Map or Error Map

Original
Image

SCPS-NIR

(DANI-Net
w/o s)

DANI-Net
w [25]

DANI-Net

AW THEL D
24
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XS H}F oS
=2 ¢l diok
« ATl SoTA REHEO| SHAA

- Inter-reflection= 11 2S}X| B = rendering equations Al
A M 2| error/t

ot O = M convex

Direct reflection 2t 1124 Direct + inter-reflectionS 1124

ﬂ 517 8 VDS
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