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Practical SVBRDF Acquisition of 3D Obijects with
Unstructured Flash Photography

« Using DSLR or smartphone camera with flash

Spatially-varying bidirectional reflectance distribution function

Does not require precomputed knowledge of the object

No specific path to follow

Preferably dark setting
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v I
o Update
. Initialize Update . . Update
Overview 3D model SVBRDF [ ﬁgfﬂ';‘g 3D model
Image model

I(u) = L(0;x)AtAg (1) At: saturation time
Reflectance Ag: flash intensity

L(0;x) = £(i, 0;,n)L(—;x)(n-i) ) I light vector

0: view vector

n: geometric normal
X: vertexes

I: image
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v I
o Update
. Initialize Update . . Update
Overview 3D model || svBRDF [ | S"9N9 ™ 5p model
normals
Estimate set of B basis BRDFs, Fp = {f,} i: light vector

Blend Fy, using spatially-varying weight maps W = {wp »} to get

B
F= { ) wp,bfb(iao)} (3)
b=1

Using a Cook-Torrance reflectance model

o) p DCEORD
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0: view vector

h: halfway-vector

n: geometric normal

X: vertexes

pg: diffuse albedo

Ps: specular albedo

D(h): distribution function
G(n,i,0): geometric function
F(h,i): Fresnel function



Overview

rendering
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v I

e 1 Update
Initialize Update . : Update
Method 3D model | | SVBRDF | ﬁgfﬁ:@ | 3D model

« Camera parameters

— Chrome balls
— Checkerboard

» Dense 3D point cloud using a multi-view stereo technique (MVS) [Schdnberger et al. 2016]

— Screened Poisson surface reconstruction [Kazhdan and Hoppe 2013]
— Low resolution voxel grid
— High resolution voxel grid initialization

point clouds base mesh

GT surface e 3D point
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Method 3D o

« Objective function for reconstructing Fp,

« Objective function for updating W

1 5
ng)LnEHpr—er st Wpp>0, Y Wpp=1

¥ I
Update . ;\ZZ?:}G Update
SVBRDF | 9 [1 3D model
normals

I: light vector

b=1

0: view vector

h: halfway-vector

n: geometric normal

Xp: vertex p

Ix: image k

v: visibility

$: measurement vector
f': captured reflectance
Q:F,sVk

r: observed reflectance
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Method 3|Biti§232|

¥ I
Update . slﬁ:;?;e Update
SVBRDF [ 9 | 3D model
normals
I: light vector

« Optimization problem for obtaining N = {n,}

P K 2
min ) ) Vpk (L(Op,k?xp)— f(ip,kaop,k?xpv“p)L(—ip,k?xp)"p'ip,k)) (7)

M p=1 k=1

0: view vector

n: geometric normal
n: shading normal
Xp: vertex p

v: visibility

f- BRDF

L: radiance
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Method

» Screened Poisson reconstruction:

min [ |[V0xp) Vo) |

\ I
Initialize Update | ;\";ﬁe Update
3D model SVBRDF | 9 7| 3D model
normals
N: shading normals
V: vector field from N
aXp+ ax§XX(XP) (8) x: surface function
P a: regularization term
refinement
r] ) } |
L estimated update
kSUbd'V'S'On shading normals N geometry X y

® mesh vertex —— mesh edge

shading normal
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v I
o Update
Initialize | Update . : Update
Method 3D model | | SVBRDF [ | SM3dN9 ™1 ap mogel
normals
« Robust
« Quickly converging
« Train and test data in 9:1 ratio
(a) photo consistency error  (b) geometric difference (c) normal difference
[(b] —
0.111 e train 8 0.03 @ 23
——test S o>
w 0.103 @ 0.02 g 21
N O =
> £ R
X 0.095 S 0.01 © 19
s £
0.087 T 0.00 S 17
1 5 9 1 5 9 © 1 5 9
iteration iteration iteration
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Experiments and results

Image capturing hardware:

« Nikon D7000 DSLR camera
« LG Google Nexus 5X smartphone

Processing hardware:

« Intel i7-3770 CPU 3.40 GHz
« 32 GB RAM
« NVIDIA GTX1080 GPU

Processing time:

« |nitialization
— Structure from motion: 5 minutes
— Multi-view stereo: 2-4 hours

« Optimization: 10 minutes per iteration

100-400 images per object.

(a) photograph (GT)

(c)

(d)
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(b) rendering
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(a) photograph (GT)

(b) rendering
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Impact of the number of basis BRDFs

(a) RMSE of reconstruction rendering with the test dataset

=0.0855

f“’: 0.0755

é 0.0655 our choice
W 0.0555 l

= 0.0455

2 3 4 5 6 7 8 9 10 11 12 13 14
number of basis BRDFs

(b) impact of number of basis BRDFs (test set images)

photograph
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Influence of ambient light

e Minimize ambient light
« Strong flash eliminates the need for low ambient light

(a)_gxperimentsetup ~ (b) flash + indoor light  (c) indoor light

B

amplified x16
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Geometric accuracy

(a) 3D geometry (normal map)

reference (NextEngine) COLMAP (high res.) COLMAP (low res.) ours
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Geometric accuracy

(b) close-up (c) avg. geo. diff. [mm]

reference CLMAP (high.)  COLMAP (res.) ours » high = low mours

Finn Matras (TUM) | Practical SVBRDF Acquisition of 3D Objects with Unstructured Flash Photography 21



Impact of initial geometry

Good results also with noisy or blurry initial geometry.

(a) change of geometry with iterations (b) close up

Visual hull

COLMAP

initial geometry iteration final geometry geometry rendering
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Impact of the number of input images

Reasonably correct initial geometry yields good results.

(a) photograph (b) rendering (c) PSNR

ARX

(87 img.) (ig.) (40im.) # of images

w
N

N
NS

Avg. PSNR (test set)
o (00) a
o SfM fails

wn
—h
=
)
)
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Still images vs. video frames

195 still images from the Nikon D7000 vs. 1009 video frames from the LG Google Nexus 5X.

Advantages of video:

 Easier to capture
» More data

(a) rendering
[still images]

Disadvantages of video:
» Motionblur
 |Inaccurate focus

« Lower dynamic range

(b) rendering
[video clip]

» Require constant lightsource
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Summary
¥ |
Initialize Update . ;z%?;e Update
3D model SVBRDF 9 3D model
normals

No special hardware

Joint reconstruction of SVBRDF, shading normals and 3D geometry
High frequency details in reconstruction
Does not handle interreflections, subsurface scattering or transparency

refinement

subdivision
.

o

estimated
shading normals N

=
@

update
geometry X )

® mesh vertex ——mesh edge
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shading normal

25



(a) photograph (GT) (b) rendering (c) novel view/light #1 (d) novel view/light #2

... for your attention!
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