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Contributions

•Variational formulation and solution for intrinsic light field decomposition problem

•Priors for albedo and shading modeled with additional data available in the light field

•Novel term for specularity estimation, which is specific to light fields
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Defined on 4D ray space R = Π× Ω, which parametrizes rays r = (x, y, s, t) by their

intersection coordinates with two planes Π and Ω. Intersection with the focal plane Π gives

view point coordinates (s, t), while the image plane Ω denotes image coordinates (x, y).

Intrinsic light field model

The radiance L is of every ray r is decomposed as

L(r) = A(r)S(r) + H(r), (1)

into albedo A, shading S, and specular component H.

Applying the logarithm yields

Llog(r) = Alog(r) + 1slog(r) + H log(r, A, s,H), (2)

with shading decomposed into mono-chromatic shading s and trichromatic light source

color C, which is estimated with [5], and excluded from system (1).

Finally, we solve a global energy minimization problem where the residual of (2) is weighted

with different priors and regularization terms,

arg min
(Alog,slog,H log)

{
‖Llog(r)− Alog(r)− 1slog(r)−H log(r)‖2

2 + . . .

· · · + Palbedo(A
log) + Pshading(s

log) + Pspec(H
log) + J(Alog, slog)

}
.

Albedo

Retinex term: image derivatives are caused by albedo or by shading [4]

Eretinex(A
log) = λretinex

∫
R
‖∂xAlog(r)− ĝx(r)‖2

+ ‖∂yAlogr − ĝy(r)‖2
dr.

Here ĝx(r, ĝy(r are estimated derivatives.

Chromaticity term: close chromaticity values lead to the same albeo [1]

Echroma(A
log) = λchroma

∫
R

∑
NA(r)

αr,q ‖Alog(r)− Alog(q)‖2
dr,

where with αr,q we measure chromaticity similarity between rays r and q.

Palbedo = Eretinex + Echroma. (3)

Shading
Normal term: spatially close points that share the same orientation are likely to have

similar shading, [3]

Enormal(s
log) = λnormal

∫
R

∑
q∈NS(r)

(slog(r)− slog(q))2 dr. (4)

Spatial term: spatially close points have the same shading due to inter-reflections, [1]

Espatial(s
log) = λspace

∫
R

∑
q∈ND(r)

(slog(r)− slog(q))2 dr, (5)

Pshading = Enormal + Espatial. (6)
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Specularity

Modelling assumptions
S1. Specularity is view dependent.

S2. If a projected 3D point has high pixel intensities and its color is constant across all

subaperture views, then the point may be part of a specular surface.

S3. If a projected 3D point has high variation in pixel intensities, and the color of the corre-

sponding rays changes across subaperture views, then the point may belong to a specular

surface.

S4. If a point is classified as specular, then it is a part of specular surface, and its local

neighborhood in R3 may result in specular pixels from a certain viewing angle.

S5. The distribution of specularity is sparse.

Specular maskDisparity

The resulting prior on specularity is

Pspec(H
log) = λspec

∫
R
γw(1− hmask)||H log(r)||2 dr + λsparse||H log||1,

where hmask is a specular mask, γw � 0 is a constant.

Results and comparisons (Lytro Illum light field)

Figure: First row from left to right: center view, albedo and shading (ours); Second row: estimated disparity, albedo and shading (Chen
and Koltun [1]); Third row: specularity (ours), albedo and shading (Jeon et al. [2]). Many more comparisons are in the paper and
additional material.
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