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Contribution

•Novel scheme for linear, fast and accurate relative pose estimation for light field cameras.

•First insight: 2D affine subspace representation of 3D points in the 4D light field.
•Second insight: light field projection in Plücker ray coordinates is projective linear.
•Both together: linear constraints on possible rotation and translation from feature matches.

Applications

• 3D reconstruction with light field cameras (plenoptic cameras, camera arrays ...)

•Refocusable light field panoramas

Light field feature correspondence
4D Light field parametrization
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Ω A light field can be interpreted as a collec-
tion of views. Cameras lie in a common fo-
cal plane Π, images in the parallel image
plane Ω at focal length f . A ray is param-
eterized by the intersections with the two
planes Ω and Π, i.e. by a four-dimensional
vector l = (u, v, s, t)T . We show that all
rays that intersect a common scene point
form an affine 2D subspace of rays. Match-
ing rays to subspaces for multiple detected
features yields linear equations for relative
pose estimation.

Light field feature matches
For 2D images: feature match given by pixel coordinates corresponding to the same scene point in both images.
For 4D light fields: a single match consists of a set of rays in (u, v, s, t)-coordinates in both light fields,

{li}i=1,...n↔ {l′j}j=1,...m, (1)

which corresponds to detection of the same image feature in multiple subaperture views (s, t).

The light field projection

Projections of a single scene point

Consider a scene point X = [X, Y, Z]. From the pinhole perspective projection for a camera located in (s, t, 0),
one obtains an affine relationship between (s, t) and (u, v) for all rays which intersect this point,
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Note that M(X, f ) can be estimated from a correspondence (1), which gives a 3D point cloud for each light field.

Plücker ray coordinates
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Π´ Ω´ A ray r given in the coordinates of one
light field (red dots) will also intersect the
two planes parameterizing another light field
(green dots). Given a ray in Plücker coordi-
nates, the projection into 4D light field co-
ordinates is a projective linear map.

Plücker coordinates of a ray r are given as a homogenous vector (q:m) with direction q ∈ R3\{0} and moment
m ∈ R3. A point X ∈ R3 lies on a ray iff m = X × q. A rigid motion (rotation R followed by translation t)
leads to a linear coordinate change[
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where E := [t]×R is called the essential matrix.

Plücker ray to light field coordinates

A ray (q:m) in Plücker coordinates projects to light field coordinates (u, v, s, t) given by
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Similar as for pinhole cameras, this is a projective linear map, whose matrix we call the light field projection P (f ).
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Recovering light field pose

Using generalized cameras [3]

Observation: two corresponding rays (q:m) ↔(
q′:m′

)
must intersect. In Plücker coordinates, this

means
qT1 m2 + mT

1 q2 = 0.

Plugging in the transformation (3), one obtains the
generalized epipolar constraint (GEC)

q′TEq + q′TRm + m′TRq = 0.

This gives one linear equation for each ray corre-
spondence.

Proposed method

Observation: If a ray l is transformed into a ray l′

via (3,4), then it must satisfy the subspace con-
straint (2). Thus

M ′ l′ = M ′P (f )
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We abbreviate with M1 the first three and with
M2 the second three columns of the 2 × 6 matrix
M ′P (f ), which leads to the simplified form

M1Eq + M1Rq + M2Rm = 0.

For each ray in (1), this gives two homogeneous lin-
ear equations in R and E.

Numerical considerations

The twisted pair ambiguity [2] does not arise in light field setup, thus it is in our case advantageous to recover R
directly and eliminate E from the above equation. We then solve for R via SVD and recover t using least squares
with the method suggested in [2]. Iterative non-linear refinement in R and t is possible after obtaining the linear
estimate, and sometimes leads to better solutions.

Results
Comparison of different algorithms

3DPC 3D point cloud alignment via least squares [1] from estimates (2).

R2R Ray-to-ray matching via the GEC [2], original (-O) and proposed numerical improvement (-I).

MIN Non-linear minimal n-point method UPnP [4] with six ray correspondences (64 solutions).

Correspondences 10 matches, 10 rays per point 40 matches, 10 rays per point 10 matches, 20 rays per point

Noise level σuv 0.2 0.4 0.6 0.8 time[s] 0.2 0.4 0.6 0.8 time[s] 0.2 0.4 0.6 0.8 time[s]
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3DPC 1.31 4.23 5.78 9.30 0.00 1.01 2.96 5.24 7.55 0.01 1.38 2.18 5.38 7.76 0.00

R2R-O 1.55 4.81 7.31 11.65 0.07 0.70 1.35 2.68 3.55 0.51 1.34 2.38 7.11 9.34 0.56
R2R-I 0.69 1.73 2.59 4.29 0.09 0.38 0.88 1.91 3.29 0.57 0.49 1.17 2.37 4.17 0.59

Proposed 0.58 1.27 1.59 2.20 0.04 0.27 0.40 0.78 1.14 0.18 0.29 0.78 1.14 1.65 0.07

iterative methods

3DPC-RANSAC 1.31 3.24 5.13 5.93 0.03 0.79 1.79 2.31 4.84 0.12 0.88 1.70 3.93 6.12 0.13
MIN-RANSAC 1.40 3.27 3.91 6.36 49.18 1.02 2.21 3.09 3.86 194.89 1.20 2.55 4.41 4.27 197.11
R2R-O-R20 0.68 1.63 3.13 4.27 1.51 0.37 0.91 1.79 3.54 9.48 0.49 1.17 2.49 4.42 10.62
R2R-I-R20 0.66 1.62 2.79 4.07 1.69 0.37 0.91 1.80 3.55 10.06 0.53 1.11 2.56 4.26 10.32

Proposed-R20 0.49 1.22 1.54 2.13 0.99 0.23 0.42 0.74 1.05 3.65 0.33 0.87 1.00 1.62 1.97
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3DPC 9.49 13.84 25.72 24.31 0.00 7.50 15.58 18.54 33.27 0.01 9.85 15.43 16.62 23.45 0.00

R2R-O 2.37 4.73 6.53 15.45 0.07 0.87 1.90 4.59 3.95 0.51 1.49 1.96 6.68 13.08 0.56
R2R-I 1.25 2.32 3.98 6.81 0.09 0.67 1.05 3.64 4.11 0.57 0.96 2.11 2.92 5.60 0.59

Proposed 1.22 1.95 2.36 3.32 0.04 0.52 1.13 1.39 1.99 0.18 0.59 1.29 2.13 2.79 0.07

iterative methods

3DPC-RANSAC 7.55 8.72 11.27 16.67 0.03 3.22 5.88 9.06 14.33 0.12 7.05 5.06 10.99 11.48 0.13
MIN-RANSAC 3.03 4.77 5.42 10.98 49.18 2.11 3.83 4.23 5.22 194.89 2.56 4.35 6.58 6.79 197.11
R2R-O-R20 1.19 2.27 4.47 7.41 1.51 0.61 1.26 3.40 4.76 9.48 0.86 1.94 3.45 6.23 10.62
R2R-I-R20 1.16 2.22 3.95 6.89 1.69 0.61 1.26 3.42 4.78 10.06 0.90 1.78 3.06 5.75 10.32

Proposed-R20 1.15 1.83 2.58 3.57 0.99 0.55 1.01 1.52 1.87 3.65 0.66 1.33 2.05 2.62 1.97

Table: Accuracy of the different methods both before and after non-linear refinement. Different numbers of correspondences N ,
projections per correspondence K, and levels of noise σuv on the (u, v)-coordinates are compared. Note that iterative refinement can
only marginally improve the result for the methods which employ the proposed numerical scheme, while it makes a huge difference for
the previous method R2R-O. This makes our scheme very efficient in terms of run-time, as we can skip the refinement iterations.
Furthermore, our method scales significantly better with the number of rays per point.
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