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Light Fields 2

e Definition:

 The amount of light traveling in every direction through every point in space
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.(I)ﬂ- [1] SJ. Gortler et al., SIGGRAPH 1996, M. Levoy et al. SIGGRAPH 1996

[2] R. Ng et al., CSTR 05 EPFL 2015

COLE POLYTECHNIOUS
FEDERALE DF LAUSANNE



Light Fields 2

e Definition:

 The amount of light traveling in every direction through every point in space
e Applications:

e Generating a new view 1

e Digital refoc:using2

. : ... 3
* Disparity estimation

) [1] S.J. Gortler et al., SIGGRAPH 1996, M. Levoy et al. SIGGRAPH 1996
BCPAWM 2] R Ng etal., CSTR 05 EPFL 2015
cononmnaaa [3] S, Heber et al. EMMCVPR 13, ECCV 14, S. Wanner et al. CVPR 12



Light Fields 2

e Definition:
 The amount of light traveling in every direction through every point in space
e Applications:
* Generating a new view
e Digital refoc:using2

. : ... 3
* Disparity estimation

Leverage low-dimensional structures in high-dimensional data

) [1] S.J. Gortler et al., SIGGRAPH 1996, M. Levoy et al. SIGGRAPH 1996
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Multi-views and Light Fields 3

e Light field views are related by disparity p : € — [0, +00)

Angular distance

Lij(z,y) = Lpq(x — pAz(p — i),y — pAy(qg — 7))

Disparity

Displacement Center view: Li, j Neighbor view: Lp,q
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Multi-views and Light Fields 4

e Disparity estimation follows
e (Convex formulation in discrete domain no initial estimate

* High-dimensional representation

mpin | Z | (L j(z,y) = Lpg(z — p(p — 1)As,y — plg — j)Ay)) + T'(p)

Robust penalty term Prior knowledge
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Generating the Patch Matrix 5

» Extracting patches from each light field

e Collect all patches in a matrix

e True disparity columns of the patch matrix are identical
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» Extracting patches from each light field

e Collect all patches in a matrix

e True disparity columns of the patch matrix are identical
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Generating the Patch Matrix 6

e Most of the time Lambertian approximation holds (low-rank property of light field)

Patch matrix .
Patch weights

—OF° P
Center patch Yz, y = Qaz,ycx,y

Center patch Other views

— C1 —I—CQ
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Generating the Patch Matrix 6

e Most of the time Lambertian approximation holds (low-rank property of light field)

e Non-lambertianity, occlusion, specularities sparse representation
Patch matrix .
Patch weights
Center patch Yz,y = Qg,y Cg,y T €r,y Sparse noise
Center patch Other views  Sparse error
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Generating the Patch Matrix 6

e Most of the time Lambertian approximation holds (low-rank property of light field)

e Non-lambertianity, occlusion, specularities sparse representation
Patch matrix _
Patch weights
Center patch Yz,y = Qg,ycg,y T €r,y Sparse noise
_ P1 P2 PD [Pl P2 ...p~PD1T -
y:c,y — [ T,y T,y °°° m,y”cm,ycx,y Caz,y] + eiﬁ,y o Qaz,ycx,y + eﬂ%y

Discrete disparity range

P\
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Disparity Estimation 7

e Group members weights for each disparity hypothesis

* Group Lasso non-zero entries in patch weightsc, ,,
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Disparity Estimation 7

e Group members weights for each disparity hypothesis

* Group Lasso non-zero entries in patch weightsc, ,,
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Disparity Estimation 7

e Group members weights for each disparity hypothesis

* Group Lasso non-zero entries in patch weightsc, ,,

el = > e,

xz,y k=1,...,D

2
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Disparity Estimation 8
* Neighbor disparity patches are smooth
* Vector-valued isotropic total variation for smooth disparity
[Vellzn =3 \flleey — Coriyll + leay — €oyerll
T,y
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Disparity Estimation 3

* Neighbor disparity patches are smooth

* Vector-valued isotropic total variation for smooth disparity

IVelon =3 \/llery — coriy

r,y

|% + [lez,y — Cw,yﬂ”%

Ca,y+1 Ca,y
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Disparity Estimation 9

e Disparity estimation reads

o1
min 7|y — Qe —elf; + pllefs + A Vellzq +7llefl2

Single disparity block

Sparse noise
Smooth disparity
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Disparity Estimation 10

* Disparity of each patch:
e Estimate the patch unknown weights: ¢,

e Disparity hypothesis with the highest norm

,5 — argminpe{pl,...,pp} HCCI?,?JHQ

357
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| Norm of patch
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Primal-dual Formulation 11

 Combining all unknowns ¢ and e into a single variable x

1
Fi(Ax —y) = -|ly - Qc — e}

Fy(Ilex) = [le]]1
Fy(Bx) = | Vella + ]z,
o I; : Identity matrix
*A = QI
e IlIcx =€
eB=[V' zId]THc

A
II.x =c

min F} (Ax —y) + puFs(Ilex) + AF5(Bx)

X
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Primal-dual Formulation 12

e The gradient of the cost function requires dealing with A " A

0
—F(Ax—y)=A"Ax— Ay
0x
B s not tight
e The conjugate functions are simple Primal-dual formulation

minmax < Kx,z > —F(z)

X z
7= [z 2y 73]

K=[A" I AB']'

F(z) = Fi(21) + pF3 (22) + AF5 (23)

P\ -(I)ﬂ- [1] A. Chambolle et al., “A First Order Primal-dual Algorithm for Convex Problems with Applications to Imaging”,
m sl |\ J of Math Imaging andVision 13 EPFL 2015



13

Primal-dual Algorithm

e Parallel steps and simple calculation per patch

(z] + o(AX" —y))/(c + 1)

7T = PrOX, px (z? + o(AX" — y))
How ({22 /(op) + 11eX"} )

n+1 n =N
Zy ' = PIOX,, s (22 + opullex )

n+1 n < n X" !
Z+ — proxg)\Fg (Z + ocABx ) {z3 + o ABx"}, (1 — max {0, 1 — ||{Z§L FoABR })

Xn—l—l _ Xn . TKTZn+1

}—(n—|—1 _ Xn—|—1 i H(Xn+1 . Xn)

EPFL 2015
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Implementation Detail 14

* Restrict the possible disparity to a carefully selected subset

e Candidates from ¢z y(p) and from neighboring pixels

Goy(P) =D > ®(Lij(x,y) — Lpg(z — pAslp — i),y — pAy(qg — 7))
i

1,] P>1,4>]

"
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Quzy = |||“||||||||m
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Implementation Detail 14

* Restrict the possible disparity to a carefully selected subset

e Candidates from ¢z y(p) and from neighboring pixels

gﬂ?ay(p) — y: y: (I)(L’i,j(xv y) o LP,Q(CB o pAa:(p o i)? Yy — pAy(q T ])))

||||H|W -

1,] P>1,4>]
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Implementation Detail 14
* Restrict the possible disparity to a carefully selected subset
e Candidates from gy () and from neighboring pixels
Go(P) =D D (Lij(2,y) = Lyglz — pAu(p — i),y — pAy(q — 5)))
1, p>1,q>]
e
Qzy =
© monm



Disparity Results 15

True Depth Stereo

|’ﬂ. [2] S. Wanner et al., “Globally Constant Depth Labeling of 4D Light Fields”, CVPR 12
woe [3] S. Heber et al. “Shape from Light Fields meets Robust PCA”, ECCV 14
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Disparity Results 16

e Relative Disparity Error

4 views 3 VIEWS , Stereo

4 views 3 views stereo 1] 2] 3]

Relerror | 1% 1 0.5% 1 02% | 1% | 0.5% | 0.2% | 1% | 0.5% | 0.2% | 1% | 0.5% | 0.2% | 1% | 0.2% | 0.2%

% of pixels | 0.13 | 0.33 1.9 10139 | 033 | 1.99 | 042 | 0.85 | 3.26 | 2.12 | 391 | 837 | 29 | 7.28 | 5.03

[1] S. Heber et al., “Variational Shape from Light Field”, EMMCVPR 13
BCPFM (21 S. Wanner et al., “Globally Constant Depth Labeling of 4D Light Fields”, CVPR 12
cononnasaac [3]1 S, Heber et al., “Shape from Light Fields meets Robust PCA”, ECCV 14
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Disparity Results

e Relative Disparity Error

3 views , Stereo

4 views

4 views 3 views stereo _
Relerror | 1% | 0.5% | 02% | 1% | 0.5% | 0.2% | 1% | 0.5% | 0.2% | 1% 1% | ¢
% of pixels | 0.13 | 0.33 |{ 1.9) 0.139 | 0.33 | 1.99 | 0.42 | 0.85 | 3.26 | 2.12 2.9

[1]S. Heber-et al., “Variational Shape from Light Field”, EMMCVPR 13

BEPAM (21 S. Wanner et al., “Globally Constant Depth Labeling of 4D Light Fields”, CVPR 12 BB 25
[3] S. Heber et al., “Shape from Light Fields meets Robust PCA”, ECCV 14
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Disparity Results 17

e Light fields from camera array

I)ﬂ. [2] S. Wanner et al , “Globally Constant Depth Labeling of 4D Light Fields”, CVPR 12

[3] S. Heber et al. “Shape from Light Fields meets Robust PCA”, ECCV 14

[1] S. Heber et al., “Variational Shape from Light Field”, EMMCVPR 13
.( EPFL 2015



Disparity Results 18

[1] S. Wanner et al., “Globally Constant Depth Labeling of 4D Light Fields”, CVPR 12

\
@ -(I)ﬂ- [2] C. Kim et al. “Scene Reconstruction from High Spatio-angular Resolution Light Fields”, SIGGRAPH 13 EPFL 2015



Conclusion 19

e Leverage redundancy in light fields leads to convex disparity estimation
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, 1
min —||Ys, — Qs.Cs, — Es,

A Vs,
cm 5 1+ A VCs,

1,2 +7Cs,

%+M"E51

1,2
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