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ABSTRACT

Light field technology, which emerged as a solution to the
increasing demands of visually immersive experience, has
shown its extraordinary potential for scene content represen-
tation and reconstruction. Unlike conventional photography
that maps the 3D scenery onto a 2D plane by a projective
transformation, light field preserves both the spatial and an-
gular information, enabling further processing steps such as
computational refocusing and image-based rendering. How-
ever, there are still gaps that have been barely studied, such
as the light field demosaicing process. In this paper, we
propose a depth-assisted demosaicing method for light field
data. First, we exploit the sampling geometry of the light
field data with respect to the scene content using the ray-
tracing technique and develop a sampling model of light field
capture. Then we carry out the demosaicing process in a
layered object space with object-space sampling adjacencies
rather than pixel placement. Finally, we compare our results
with state-of-art approaches and discuss about the potential
research directions of the proposed sampling model to show
the significance of our approach.

Index Terms— Light field, demosaicing, object space,
ray-tracing technique

1. INTRODUCTION

Preserving the high-fidelity images of a scene is a challenging
task. A conventional camera maps three-dimensional objects
onto a two-dimensional planar sensor by a projective trans-
formation. Based on such a 2D image, depth perception can
only be approximated by the sophistication of empirical hu-
man visual system (HVS), or considerably complex computer
vision algorithms [1]. In order to fully reconstruct the scene,
the plenoptic function [2] is required. Stemming from the
concept of plenoptic function, Levoy et al. [3] and Gortler et
al. [4] further proposed an equivalent two-plane representa-
tion of the plenoptic function, referred to as the light field or
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the lumigraph.
The 4D light field can be captured with various setups,

such as the multi-camera rig and the plenoptic camera. A
multi-camera rig uses conventional cameras to capture dif-
ferent perspectives of a scene with a large baseline [3], and
plenoptic cameras employ microlenses to decouple the spatial
and angular information [5,6]. Both the multi-camera rig and
plenoptic cameras capture a sampled light field, enabling ap-
plications which cannot be achieved with a single view, such
as depth estimation [7, 8] and refocusing [6, 8]. However,
the problems in terms of the raw data processing has been
barely discussed, given the fact that ill-suited pre-processing
steps will propagate erroneous information through the entire
follow-up workflow [9, 10].

In this work, we focus on the demosaicing problem of
light field data and propose a generic demosaicing frame-
work. Compared with conventional demosaicing meth-
ods [11] which implicitly assume the scene sampling con-
secutiveness in neighboring pixels, our demosaicing scheme
works directly in the object space by projecting pixels back
to 3D space. In other words, we demosaic the vicinity in
the object space rather than the pixel adjacency on a sensor.
By doing so, our work introduces a more suitable approach
based on the sampling property of the cameras, yielding an
accurate, physically-based color interpolation.

The remainder of this paper is organized as follows: we
first review the state-of-art light field demosaicing methods
in Section 2. Section 3 describes our demosaicing scheme in
detail. The demosaicing comparison with state-of-art meth-
ods and further analysis can be found in Section 4. Finally, in
Section 5, we conclude this paper and indicate possible future
research.

2. LIGHT FIELD DEMOSAICING

In a color image, there is a unique set of RGB values at each
pixel location. To combat the conflict between a single CCD
sensor and multiple color channels, most digital cameras are
equipped with a color filter array (CFA). In order to make
the best estimate to fill in the remaining two channels to each
pixel, a demosaicing process is required. The demosaicing
problem for conventional cameras has been widely discussed



for years, including approaches both in spatial and frequency
domain [11]. Classic demosaicing methods aim to interpolate
between nearby samples on the sensor. This is due to the fact
that the spatial sampling frequency of the scene is determined
by the pixel pitch for conventional cameras. However, the
above rule no longer holds for light field captures, considering
the discordance between the vicinity on the sensor and that in
the sampling space [12].

An intuitive way to demosaic the plenoptic image is to
interpolate from the vicinity for any missing channel as de-
scribed in a widely used pipeline [13], which handles the
crosstalk effects by ignoring the pixels near the lenslet edges.
Based on this, David et al. [14] further improved the perfor-
mance by using a white elemental image to overcome the
vignetting problem and weight the interpolation within the
elemental image. Yu et al. [15] proposed to resample the
light field based on the refocusing and postpone the demo-
saic process until the rendering stage. However, it aims at de-
mosaicing the refocused images and the performance varies
depending on the refocusing plane. Georgiev et al. [12] an-
alyzed the sampling of adjacent elemental images and pro-
posed to interleave each color component from nearest ele-
mental images before demosaicing, such that superresolution
can be achieved in joint with demosaicing by a small effort.
A learning based demosaicing method was proposed in [16],
which uses K-SVD algorithm to learn from a set of reordered
sample vectors of the light field. Then the demosaicing is
done by solving the sparse reconstruction problem of the sys-
tem. However, none of the aforementioned methods explicitly
consider the impact of scene depth in the demosaicing. The
only exception is [17], where several claims are made by an-
alyzing a sampling model, without any specific demosaicing
approach.

3. OBJECT SPACE DEMOSAICING

Most of the existing demosaicing schemes introduced in Sec-
tion 2 are performed on condition that each elemental image
captures the identical spatial information from various angles.
This inference is true if the decoded subaperture images have
a considerably small baseline and the scene lies on the fo-
cal plane. However, such schemes still suffer from visible
artifacts, especially around the edges [15] in practical cases.
In this section, we propose an object-space light field demo-
saicing method, which explores the implicit connection be-
tween the pixel sampling and the 3D scene point by ray trac-
ing. Then we shift the demosaicing process from 2D planar
sensor to a layered 3D object space so that color is recovered
in the object space with physically nearest sampled spatial
points. Note that although our method is generic for any light
field data, the following analysis is mainly based on plenoptic
cameras.
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Fig. 1: A sampling model of plenoptic cameras based on the
chief rays and pinhole assumption. Only rays through two
microlenses are illustrated for concision. Note the changes in
the light field sampling between focal plane and an arbitrary
sampling plane.

3.1. Ray model of plenoptic capture

In this section, we provide a theoretical analysis of plenoptic
camera sampling based on ray tracing. We model the mi-
crolens array (MLA) as a set of pinhole cameras and con-
sider only the chief rays passing through the centers of them,
as shown in Fig. 1. Note that only one dimension of the
two-plane light field parameterization is depicted in the figure
to simplify the illustration without losing the generality, the
other dimension can be modeled in an identical manner.

It can be seen from Fig. 1 that each microlens gathers
angular information of a spatial point converged by the main
lens when the scene is on the focal plane. In spatial domain,
the sampling period p is proportional to the microlens pitch
d. Additionally, the spatial resolution of the scene is cor-
related with the number of microlenses N , as a subaperture
image can be rendered by collecting corresponding pixels un-
der each microlens, representing the scene from one angle of
view. However, the sampling period p′ becomes irregular and
overlapping in the object space when the scene is not on the
focal plane. In this case, each microlens samples a small re-
gion of the scene, such as AC in Fig. 1, instead of a singular
spatial point. The upper bound of the sampling frequency is
limited by the projection of non-adjacent pixels AC ′, rather
than that of adjacent sensor pixels AB. Therefore, conven-
tional sensor-based demosaicing methods which overlook the
depth are suboptimal solutions, resulting in a smear of color
in unfocused planes.

Formally, we use a ray transfer matrix (RTM) to retrieve
the pixel sampling pattern in the object space. We define a
point on the ray at distance Z from the sensor as a vector
P(Z) = (X,Y, θ, φ,CT )T , where (X,Y ) is the intersection
point of the light ray and the depth plane Z, θ and φ are the
angles with respect to X and Y axis, a 3-dimensional vector
C = (R,G,B)T is used to describe the RGB color compo-



nents.
Then we exploit the 3D RTM for ray tracing. The free

space propagation from plane Π: Z = z to Π: Z = z′ is
computed as P(z′) = SP(z), with the propagation matrix S:

S =

 1 0 z′ − z 0T
4

0 1 0 z′ − z 0T
3

05 05 E5

 , (1)

where E and 0 are the identity matrices and zero vectors re-
spectively. Similarly, the thin lens refraction matrix L can be
written as:

L =


1 0T

6

0 1 0T
5

− 1
f 0 1 0T

4

0 − 1
f 0 1 0T

3

03 03 03 03 E3

 , (2)

where f is the focal length of the lens. Finally, for an ar-
bitrary color channel c ∈ {R,G,B}, the CFA is defined as
three diagonal matrices: FR = diag(0, 0, 0, 0, 1, 0, 0), FG =
diag(0, 0, 0, 0, 0, 1, 0), FB = diag(0, 0, 0, 0, 0, 0, 1), one for
each pixel location based on the mosaic filter pattern. MLA
is modeled as a set of pinhole cameras, passing only the chief
rays while blocking the peripheral ones, given by the matrix
O:

O =

{
07×7, if (X,Y ) 6= (Xl, Yl),

E7, otherwise,
(3)

where (Xl, Yl) is the optical center of the corresponding lens.
By incorporating all the RTMs and filtering process, a correla-
tion between pixel and object space sampling can be obtained
by matrix multiplication:

P′ = S3 Lml S2 OS1 FR,G,B P, (4)

where P′ is the sampling point in the object space for a ray
emitted from pixel location P on the sensor. S1,S2,S3 rep-
resent the propagation between sensor, MLA, main lens and
the sampled scene, one step at a time. Lml is the main lens
refraction matrix from (2). Here we address MLA and main
lens in different manners to reduce computational complexity
while preserving the applicability of our model when addi-
tional main lens effects need to be considered.

3.2. Layered object space demosaicing

Given the parameters and geometrical structure of a plenoptic
camera, the only unknown in the model (4) is the depth of the
scene. Previous studies such as [10] has shown that a crude
disparity map (Fig. 2) can be acquired before the demosaicing
process by block-matching identical color channels and per-
forming a coherence check. One can further improve the ac-
curacy of the disparity by state-of-art correspondence search-
ing functions in computer vision [9]. However, our goal is not

(a) (b)

Fig. 2: Initial depth estimation for light field data. (a) The
ground truth disparity map. (b) The estimated disparity map
using [10] from the raw data.

to address the depth estimation problem, we instead improve
the demosaicing results using the estimated depth.

In general, interpolation for missing color channels in 3D
space is a complicated problem due to the non-uniform sam-
pling on different depths. However, there exists extreme cases
which are simple to cope with: 1) when the scene is entirely
on the focal plane and 2) when the scene is planar and per-
pendicular to the optical axis of the camera, as shown in Fig.
1. In the first case, no interpolation is needed if the scene is
Lambertian, as pixels of different color channels within the
same elemental image capture the same scene content. Thus,
color information of a 3D point P can be restored as:

Ic,P =
1

m

m∑
i=1

Ic,i, (5)

where Ic,P is the averaged intensity in color channel c from
m nearest points of P . In the second case, conventional 2D
interpolation can be applied. Note that even though the scene
is planar, the sampling grid is irregular and the color distribu-
tion varies based on the depth. Therefore, an inverse distance
weighting (IDW) function is adopted as the color interpola-
tion method for each channel:

Ic,P =

m∑
i=1

ωc,iIc,i

/
m∑
i=1

ωc,i , (6)

where ωc,i = (dc,i)
−n is the weighted distance between P

and its i-th nearest point of color c, and n defines the de-
caying of weighting with the distance dc,i which affects the
smoothness of the interpolation.

Except for the cases which are discussed above, one has to
solve the intractable problem of interpolation from irregular
samples in 3D space. In addition, depth estimation generates
defective results as shown in Fig. 2, which have a negative
impact on locating nearest 3D samples when demosaicing in
the object space. To jointly solve these problems, we propose
to demosaic the light field in a layered object space scheme
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Fig. 3: Demosaicing results using different algorithms: (a)
[13], (b) [14] and (c) Proposed layered object space demo-
saicing. The zoomed regions are shown to the right.

such that we can achieve desired results with low computa-
tional effort and high robustness to the depth uncertainty.

We first divide the object space into q ≥ 2 layers between
a defined minimum depth zmin and maximum depth zmax, so
that each layer contains (q − 1)−1 of the depth range zmax −
zmin. For any sampled point (x, y, z) in the object space, the

closest depth layer Π: Z = z′ can be determined by:

z′ =

⌈
z

∆z
− 1

2

⌉
·∆z, (7)

where ∆z = zmax−zmin

q−1 is the bin size of equally distributed
depth range for one layer, and d·e is the ceiling function. Then
the sampling points are projected to the closest layer by find-
ing the intersection P′ of a ray with the plane Π: Z = z′

using (1). By far, we mapped sampled points in the object
space to a set of planes, resulting in a sequence of extreme
situations described in the second case above. Thus, (6) can
be employed to solve the interpolation problem on q planes
instead of coping with irregular 3D samples.

4. SIMULATION RESULTS AND DISCUSSION

As stated in the previous section, our demosaicing method
can be extended to any form of light field capturing devices,
such as multi-camera or movable camera gantry, with a small
effort: change the main lens focal length f to infinity in (2).
One should note that in case of large baseline, the scene is
sparsely sampled and it is necessary to constrain the distance
parameter dc,i in (6) within a reasonable interval.

We perform our experiments with a preliminary estimated
depth as shown in Fig. 2b. It can be seen that the depth infor-
mation is stable within the contour of the same object, and the
inaccurate depth mostly exists in poorly textured areas. How-
ever, such homogeneous regions contain only low-frequency
information, which makes the interpolation less sensitive to
depth uncertainty. Essentially, q sets a trade-off between ro-
bustness and correctness of demosaicing. In case of an accu-
rate depth estimation, a large q (fine depth resolution) implies
a more accurate demosaicing. On the other hand, having a
poor depth estimation, a small q can be more advantageous to
ensure the sampling adjacency.

The final result of the layered object space demosaicing
scheme is shown in Fig. 3, compared with the reference de-
mosaicing methods [13] and [14]. The zoomed figures show
that the basketball are filled with noisy information for refer-
ences, while our approach preserves more sharp results. The
shape of red flowers on wallpaper is visually perceivable from
our method, while the other two methods fail to reconstruct it.

5. CONCLUSION

In this paper, we proposed a simple and effective object space
demosaicing scheme for light field images. We circumvented
the edge detection problem in conventional demosaicing and
prevented crosstalk artifacts by a layered depth approach. So
far, the experimentation is carried out with simplified assump-
tions, such as pinhole, thin lens and Lambertian scene. The
effects of lens aberrations and non-Lambertian scenes are left
as future work.
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