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Leverage low-dimensional structures in high-dimensional data 
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• Light field views are related by disparity

Multi-views and Light Fields 3
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Multi-views and Light Fields

• Disparity estimation follows
• Convex formulation in discrete domain
• High-dimensional representation
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• Extracting patches from each light field 
• Collect all patches in a matrix 
• True disparity                    columns of the patch matrix are identical 
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sparse representation
• Most of the time Lambertian approximation holds (low-rank property of light field) 
• Non-lambertianity, occlusion, specularities
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• Group members                    weights for each disparity hypothesis 
• Group Lasso                    non-zero entries in patch weights        

Disparity Estimation 7
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• Neighbor disparity patches are smooth
• Vector-valued isotropic total variation for smooth disparity 
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• Disparity estimation reads 
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• Disparity of each patch:
• Estimate the patch unknown weights: 
• Disparity                   hypothesis with the highest norm
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• Combining all unknowns     and     into a single variable            

•    : Identity matrix
•  
•  
•  
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• The gradient of the cost function requires dealing with 

•     is not tight
• The conjugate functions are simple
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Primal-dual formulation
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• Parallel steps and simple calculation per patch                                    
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• Restrict the possible disparity to a carefully selected subset
• Candidates from             and from neighboring pixels

14Implementation Detail

g

x,y

(⇢) =
X

i,j

X

p>i,q>j

�(L
i,j

(x, y)� L

p,q

(x� ⇢�
x

(p� i), y � ⇢�
y

(q � j)))

g
x,y

(⇢)

EPFL 2015

Q
x,y

=



• Restrict the possible disparity to a carefully selected subset
• Candidates from             and from neighboring pixels

14Implementation Detail

g

x,y

(⇢) =
X

i,j

X

p>i,q>j

�(L
i,j

(x, y)� L

p,q

(x� ⇢�
x

(p� i), y � ⇢�
y

(q � j)))

g
x,y

(⇢)

EPFL 2015

Q
x,y

=



• Restrict the possible disparity to a carefully selected subset
• Candidates from             and from neighboring pixels

14Implementation Detail

g

x,y

(⇢) =
X

i,j

X

p>i,q>j

�(L
i,j

(x, y)� L

p,q

(x� ⇢�
x

(p� i), y � ⇢�
y

(q � j)))

g
x,y

(⇢)

EPFL 2015

Q
x,y

=



15Disparity Results

Stereo 3 views 4 viewsTrue Depth

[2][1] [3]

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



• Relative Disparity Error
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Stereo

[2][1] [3]

• Light fields from camera array
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