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Abstract: Light field imaging is an emerging technology in computational photography areas. Based on innovative
designs of the imaging model and the optical path, light field cameras not only record the spatial intensity of three-
dimensional (3D) objects, but also capture the angular information of the physical world, which provides new ways to
address various problems in computer vision, such as 3D reconstruction, saliency detection, and object recognition.
In this paper, three key aspects of light field cameras, i.e., model, calibration, and reconstruction, are reviewed
extensively. Furthermore, light field based applications on informatics, physics, medicine, and biology are exhibited.
Finally, open issues in light field imaging and long-term application prospects in other natural sciences are discussed.
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1 Introduction

Light is an electromagnetic wave distributed
in space, which contains multiple types of informa-
tion (such as amplitude, phase, and wavelength) and
helps us perceive the position, color, light, and shade
of an object in the three-dimensional (3D) world.
However, this information is lost in the traditional
integral imaging system because only the light in-
tensity on a two-dimensional (2D) slice is recorded.
Furthermore, the angular information that is related
with scene structures, object shapes, and occlusions
is mixed in a 2D position (spatial) image, which
makes it difficult to recover the high-dimensional
world from the low-dimensional 2D image in com-

‡ Corresponding author
* Project supported by the National Natural Science Foundation
of China (Nos. 61531014 and 61272287)

ORCID: Hao ZHU, http://orcid.org/0000-0002-6756-9571;
Qing WANG, http://orcid.org/0000-0003-3439-0644
c©Zhejiang University and Springer-Verlag GmbH Germany 2017

puter vision.

Inheriting the theories and designs from tradi-
tional systems, light field imaging records the spatial
and angular information at the same time by innovat-
ing imaging models and improving hardware designs,
as well as achieving novel imaging effects, such as dig-
ital refocusing, extended depth of fields (DOF), and
multiperspective views. Light field imaging not only
provides new ideas for obtaining high-quality visual
information, but also helps us solve classic problems
in computer vision better. Light field imaging has
become a promising method to make breakthrough
over the physical limits in the traditional integral
imaging system.

The development trends in light field theory,
technologies, and equipment are summarized in
Fig. 1. Light field imaging can effectively improve
the performance of digital imaging, such as DOF,
view synthesis, and high dynamic range, and in-
crease the accuracy and robustness of 3D recon-
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Fig. 1 Development trends of light field imaging theory, technologies, and equipment

struction, panorama stitching, object recognition,
and object tracking in computer vision. Apart
from computer science, the key technologies in
light field imaging can be well extended to parti-
cle image velocimetry (PIV), analysis of structure of
metallic/nonmetallic materials, and microscopic
imaging, which promote the developments in infor-
matics, physics, materials, medicine, and biology.

In this paper, we focus on three key aspects
of light field imaging, including (1) light field imag-
ing models and optical path designs, (2) calibration
and optimization for light field cameras, and (3) re-
construction of the physical world using light field
cameras. Then some newest applications from dif-
ferent disciplines based on light field imaging are in-
troduced. Finally, we summarize the existing works
in light field imaging and thereafter discuss open is-
sues and possible research directions in the future.

2 Light field imaging models

To analyze the vision signal, namely, light rays,
in geometric optics, Landy and Movshon (1991)
modeled the continuous light field using a plenoptic
function in the seven-dimensional (7D) space, i.e.,

L(x, y, z, θ, φ, λ, t). For each ray in space at time t,
(x, y, z) and (θ, φ) represent its geometric informa-
tion, i.e., the position and direction respectively, and
λ describes the wavelength. However, it is difficult
to obtain a full 7D function in the real world such
that the dimension is often decreased in different sit-
uations. When the scene is static, we can remove
t from the equation. By assuming that the inten-
sity is not attenuated (Gortler et al., 1996; Levoy
and Hanrahan, 1996), the 7D function is further de-
creased to a four-dimensional (4D) function, which
can be described using plane–sphere, two-plane, and
in-camera parameterization (Liang et al., 2011).

With the progress in light field imaging the-
ory, many devices have been developed to acquire
the light field, such as the camera array (Wilburn,
2004), coded-aperture camera (Levin et al., 2007),
focal sweep camera (Zhou et al., 2012), and mi-
crolens array (MLA) based camera (Ng et al., 2005;
Georgiev and Lumsdaine, 2010). Among all the de-
vices, the MLA-based camera is the most promising,
because it is inexpensive (the traditional camera can
be easily converted to a light field camera by insert-
ing an MLA between the main lens and the image
sensor) and convenient (it is small and can provide
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light field in a single shot). There are many kinds of
MLA-based cameras or prototypes released by Lytro
(www.lytro.com), Raytrix (www.raytrix.de), Pelican
(Venkataraman et al., 2013), Adobe (Georgiev and
Lumsdaine, 2010), etc. In this section, we first re-
view the light field representation and then compare
two imaging models in the MLA-based cameras.

2.1 Light field representation

Unlike traditional 2D images, a light field im-
age has a higher dimension and needs a more com-
plex parameterized method. Levoy and Hanrahan
(1996) pointed out that the 2D image captured by
the traditional camera is just the projection of con-
tinuous light signals in the 2D subspace. Therefore,
the famous two-parallel-plane (TPP) model has been
proposed to represent the light field (Fig. 2), i.e.,
L(x, y, u, v), where (x, y) and (u, v) denote the in-
tersections of the light ray in the spatial and angu-
lar planes, respectively. Gortler et al. (1996) ana-
lyzed the lumigraph in a free space (no occlusion).
By ignoring the attenuation in the propagation of
rays, they have proven the equivalence between 4D
light field parameterization and 5D light field sig-
nals. Liang et al. (2011) modeled the propagation
of light rays, and pointed out that the plane–sphere,
TPP, and in-camera parameterizations can equiva-
lently represent the 4D light field. Yu and McMillan
(2004) analyzed the imaging models of eight kinds
of traditional cameras (perspective camera, ortho-
graphic camera, pushbroom camera, etc.) using the
TPP model and showed that different camera mod-
els come from different strategies for dimensionality
reduction and sampling.
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Fig. 2 Two-parallel-plane model and its parameters

Due to the conciseness of the TPP model, it is
widely applied to the sampling of 4D light field, such
as the camera array and MLA-based cameras. Isak-
sen et al. (2000) proposed a dynamic reparameteri-
zation algorithm to refocus the light field at different
depths. Ng (2005) pointed out that refocusing in
the spatial domain equals the 2D slice in the Fourier
domain, which accelerates the obtaining of the focal
stack. Vaish et al. (2005) further developed a method
to refocus the light field in an inclined plane. Because
the field-of-view (FOV) of monocular light field cam-
eras is small, Birklbauer and Bimber (2014) proposed
to stitch a panoramic light field by reparameterizing
multiview light fields into a two-cylinder model.

As shown in Fig. 2, there are seven parameters
in the TPP model, including the interval L between
the two parallel planes, the offset (u0, v0) between
the origins of the two 2D plane coordinates, and the
four scaling factors (kx, ky, ku, kv) along the four
axes. Thus, H = (L, kx, ky, ku, kv, u0, v0)

T is the pa-
rameter vector of the TPP coordinates. The scale of
the u–v plane (ku, kv) handles the projective trans-
formation, and the scale of the x–y plane (kx, ky)

handles the zoom of the recovered scene. The per-
spective relationship and distortions between a 3D
cube and the 4D light field are shown in Fig. 3, where
panel (a) shows an original cube and panels (b)–(d)
show the distorted cubes obtained by changing L,
kuv(= ku = kv), and (u0, v0), respectively.
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Fig. 3 Two-parallel-plane light field recording a Lam-
bertian cube. Panel (a) is the original cube and
panels (b)–(d) are the distorted cubes obtained with
the change of L, kuv(= ku = kv), and (u0, v0),
respectively

In brief, a light field can be well represented
by a TPP model, which results in the accuracy of
light field camera calibration. Seven parameters of
the TPP model can totally constrain the perspective
relationship and scaling between the light field and
the 3D structure, and have important influences on
3D reconstructions from the light field.
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2.2 Optical path design

The most important aspect of a plenoptic cam-
era is the optical path design. Ng et al. (2005) pro-
posed the first portable light field camera (Plenop-
tic 1.0). By inserting an MLA at the focal length of
the main lens and placing the image sensor at the
focal length of the microlens, light rays emitted from
a point are recorded in the image sensor (Fig. 4a).
The subimage covered by each microlens represents
the angular sampling of a point. To make full use
of pixels in the image sensor, it is essential to choose
proper focal lengths for the microlens and main lens
so as to ensure that no overlapping occurs and to
minimize the gap between subimages.

As we know, the spatial resolution of Plenop-
tic 1.0 equals the number of the microlens, while
the angular resolution equals the number of pixels
covered by each microlens. To improve the spatial
resolution, Lumsdaine and Georgiev (2008) designed
a focused plenoptic camera (Plenoptic 2.0), in which
the MLA can be placed at any position except the
focal length of the main lens. The position of the im-
age sensor is determined by the MLA configuration.
Unlike angular sampling in Plenoptic 1.0, the mi-
crolens here records the in-camera 3D scene, which
is conveyed from the main lens (secondary focus-
ing) (Fig. 4b) or focusing in advance (Fig. 4c). All
of these depend on the interval between the MLA
and the main lens. In this model, the distances z

and g between the main lens, the MLA, and the
image sensor ought to meet the Gaussian imaging
rule. Thus, the number of angular samplings M is
determined by the expression M = z/(kg), where k

is determined by the arrangement of the MLA. The
focused plenoptic camera can be regarded as a mi-
crocamera array, where each subimage covered by
the microlens equals a local observation of the in-
camera scene. Apart from this, Georgiev and Lums-
daine (2012) proposed a multifocus plenoptic cam-
era, which was implemented by Perwaß and Perwaß
(2013), i.e., Raytrix. The advantage of the multifo-
cus plenoptic camera is a larger DOF, but the image
quality and refocusing ability are degraded.

As shown in Fig. 4, the spatial and angular
resolutions, i.e., sampling numbers, are determined
by the position of each component, which can be
changed by adjusting the relative positions of the
components. However, regardless of how these com-

ponents are adjusted, a trade-off between the spatial
and angular resolutions still exists (Georgiev et al.,
2006). The breakthrough of the image sensor, e.g., a
multilayer design, may thoroughly solve the bottle-
neck between the spatial and angular resolutions.
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Fig. 4 Optical path and imaging effect: (a) Plenop-
tic 1.0; (b) Plenoptic 2.0 (secondary imaging); (c)
Plenoptic 2.0 (focusing in advance)

In short, it is easy to decode light fields from a
Plenoptic 1.0 camera with a higher angular but lower
spatial resolution. The Plenoptic 2.0 camera pro-
vides a more flexible approach to balance the spatial
and angular resolutions in 4D light field; neverthe-
less, it needs a more complex ray-decoding process.

3 Light field camera calibrations

Because light field cameras capture a 4D light
field and rearrange it in a 2D image, it is more diffi-
cult to calibrate light field cameras than traditional
ones. The objective of calibration of the traditional
camera is to find the projective matrix P that re-
lates a 2D image point x with the 3D point X, i.e.,
x = PX. Because the depth is implicitly embedded
in the 2D image point in light field imaging by as-
signing different disparities to different points, it is
essential to estimate the intrinsic and extrinsic pa-
rameters exactly. It is also important to rectify the
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distortion in angular sampling.

3.1 Decoding of rays and rectification

Existing calibration methods regard the mi-
crolens and main lens as a pinhole and thin lens
model, respectively. The 4D TPP light field, which
is acquired by a light field camera, equals the multi-
view images captured by a camera array (all optical
centers of elemental lenses are on the same plane).
Therefore, light field decoding can be modeled as
the combination of multiview images and it leads to
different decoding methods for light rays.

There are two ways to describe a unique ray
in the 3D space, including the 4D TPP represen-
tation and the 6D Plücker parameterized method.
For Plenoptic 1.0, Dansereau et al. (2013) proposed
an intrinsic parameter matrix to project the subim-
age (i, j, k, l)T to the ray vector (s, t, u, v)T in the
TPP coordinates. For Plenoptic 2.0, Perwaß and
Wietzke (2012) defined each image pixel as the ray
that passes through the image sensor plane and the
optical center of the microlens and then refocused
the light field using ray tracing, which has the same
physical meaning as that proposed by Georgiev and
Lumsdaine (2010) and Wanner et al. (2011). Berga-
masco et al. (2015) decoded the 4D light field using
a coded color pattern, which reflects different colors
in different angles, and improved the reconstruction
accuracy of the coded color pattern.

In ray decoding, Ng (2006) proposed a typical
algorithm to decode the 4D light field from a Plenop-
tic 1.0 camera, which equals the decoding of a TPP
light field without the constraint L. Hahne et al.
(2014) skipped the 4D light field decoding and gen-
erated the refocused image by rearranging raw data.
It is noticed that some rays are directly decoded from
the raw data, considering the discrete sampling pat-
tern of color in the image sensor. Sabater et al.
(2014) directly generated multiview images from raw
data without demosaicing. Yu et al. (2012) proposed
a Fourier domain based method to first decode raw
data and then to demosaic multiview images. Seifi
et al. (2014) decoded multiview images that lack val-
ues in some channels first, and then generated the
disparity map, which was used as a reference to im-
prove image quality. Considering the limited band
of light field sampling in a Plenoptic 2.0 camera,
Georgiev and Lumsdaine (2009) and Georgiev et al.
(2011) refocused the light field by changing the se-

lected size of each subimage and generated multiview
images by changing the weights for the rays in dif-
ferent angles.

However, all the aforementioned methods ignore
the calibration of L and the ratio of the scaling factor
kx/ku in the TPP model, which results in the shrinks
shown in Figs. 3b and 3c. These distortions directly
affect the accuracy of an absolute depth map. In
addition, all these methods idealize the offsets of the
principal points of the microlens, which leads to a
larger aberration far away from the center. Hahne
et al. (2015) verified the influence of the ray direction
led by the shift in the principal point of the microlens
by comparing the refocusing distance with the real
depth.

The distortion model of a light field camera is
more complex because more angular samplings are
recorded. Dansereau et al. (2013) and Bok et al.
(2014) considered the radial distortion, which holds
that the offsets of light rays in the angular plane are
related to its distance to the original position. Jo-
hannsen et al. (2013) explained the refraction using
the Petzval surface and proposed an algorithm to
eliminate depth distortion. Jeon et al. (2015) calcu-
lated the offset between multiview images and rec-
tified the distortion according to the errors between
the disparity map and scene priors. Zhang et al.
(2016) proposed a four-parameter model to simplify
the light field geometry and rectify plenoptic projec-
tive distortion.

3.2 Parameter solving methods

Each light ray in the 3D space is represented us-
ing two 2D coordinates in the classic TPP model.
Previous works (Ng, 2005; Liang et al., 2011;
Dansereau et al., 2013; Hahne et al., 2014) have
derived the spatial and Fourier representations of
the TPP light field in different situations, includ-
ing translation, rotation, projection, refraction, and
occlusion.

Before parameter solving, it is essential to pre-
process the raw light field data, such as subimage
extraction, light field sampling, and generation of
multiview images. Cho et al. (2013) rectified the raw
light field data by locating the center of the microlens
using a white scene. Jeon et al. (2015) aligned mul-
tiview images according to the errors between the
disparity map and the priors of scene structure. Be-
cause these methods generate multiview images in
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two directions, i.e., L(x, y, ui, vi), but ignore L and
the ratio of the scaling factor kx/ku, they cannot re-
arrange multiview images into a TPP light field with
a unique parameter. Although the effects of light
field rendering are not influenced, e.g., refocusing
and view stitching, the absolute angles of the light
ray cannot be represented due to the lack of these
constraints.

Dansereau et al. (2013) used the pinhole and
thin lens model to describe the microlens and main
lens in Plenoptic 1.0 and proposed the projection
matrix with 15 parameters to map the raw data to
a 4D light field. The key factor, reprojection error,
is defined as the distance between the real point and
reconstructed ray. However, the initial solution is
dependent on traditional camera calibration, and it
considers only radial distortion. In particular, the
model rectifies only the rotation on the image plane
but ignores the pitch and tilt angles between the
MLA and the main lens, which leads to inaccurate
decoding. Bok et al. (2014) calibrated light field
cameras by extracting feature lines from raw data
directly. The initial value is obtained using these
feature lines, and the intrinsic matrix and distortion
are obtained via nonlinear optimization.

Thomason et al. (2014) further considered the
offset between the centers of the subimage and the
corresponding microlens, and thereby derived the
association matrix between the MLA pose and the
subimages’ centers. The interval L and the 3D di-
rectional angle errors were calibrated by capturing
a scene-aware star image. However, the accuracy
was heavily influenced by the DOF, and it was diffi-
cult to guarantee the pose of the scene. Afterward,
Johannsen et al. (2013) proposed a similar model
with 21 parameters to calibrate the focused plenop-
tic camera. The depth distortion of the main lens was
rectified using a Petzval surface, and the parameters
were obtained using a nonlinear optimization algo-
rithm. However, the offset of the principal point was
neglected, which leads to errors when reconstructing
the surface. Johannsen et al. (2015) further analyzed
the related model of light rays in different TPP coor-
dinates and registered multiview light fields to verify
the accuracy of the model.

In summary, subimage extraction is the premise
of light field camera calibration, and it is solved by
capturing white images in almost all of the existing
methods. So far, most of the works have focused on

intrinsic parameter calibration, and there are only a
few works on extrinsic parameters.

4 Light field reconstruction

The most significant feature of light field cam-
eras is multiview imaging in a single shot, which
increases angular sampling by decreasing spatial res-
olution. Herein, two important issues, depth estima-
tion and super-resolution (SR) reconstruction, have
arisen in the light field. In this section, we review the
most representative approaches on the two problems.

4.1 Depth estimation

Depth estimation is a fundamental problem in
computer vision, and many approaches from differ-
ent depth cues have been proposed in different imag-
ing conditions, such as stereo matching, photometric
stereo, and depth from focus/defocus (DFF/DFD).
Different methods are applied in different areas, but
it is difficult to combine all methods into a unified
framework for traditional imaging systems. Fortu-
nately, all these depth cues are embedded in the light
field imaging. With the microlens array, the light
field imaging system splits light beams into different
rays. The convergence of the rays at different refo-
cused depths forms the focal stack, which is suitable
for DFF/DFD (Lin et al., 2015). The image formed
from rays of the same angle constructs a multiview
representation, which is suitable for stereo match-
ing (Kim et al., 2013; Yu et al., 2013; Chen et al.,
2014; Jeon et al., 2015; Williem and Park, 2016). Be-
cause the construction of the disparity image space
in multiview stereo matching is also implemented
by the refocus operation, the two methods are uni-
fied as refocusing-based methods (Tao et al., 2013;
Wang et al., 2015). Additionally, rich angular reso-
lution in the light field forms an epipolar plane image
(EPI). Because the slope of the EPI line has a lin-
ear relationship with the depth, orientation analysis
in EPI becomes a new trend to estimate the depth
in the light field (Wanner and Goldluecke, 2012a;
2014; Tosic and Berkner, 2014; Li et al., 2015; Jo-
hannsen et al., 2016; Maximilian, 2016). For the ar-
eas that meet the Lambertian assumption and have
sufficient textures, all methods can produce reliable
depth maps. The current concern is how to handle
the occlusion, noise, and glossy surface.
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4.1.1 Occlusion

Occlusion is a common phenomenon and widely
exists in natural scenes, especially in object bound-
aries, as shown in Fig. 5. The photo-consistency as-
sumption fails in occlusion areas because these points
cannot be observed from all views. Blindly applying
photo-consistency may lead to oversmooth results in
object boundaries.

Scene

Occluder/Object

x

u0 u1 u2 u3 u4 Scene Ground truth Results

(a) (b)

Fig. 5 Occlusion condition and the oversmooth re-
sults: (a) occlusion between views; (b) oversmooth
results

There are many approaches for occlusion han-
dling in the literature. With an initial 4D depth esti-
mation using a structure tensor, Wanner and Gold-
luecke (2014) optimized the occlusion using global
labeling constraints. However, because the tensor
field becomes too random to be analyzed in occlu-
sion boundaries, the global labeling constraints can-
not provide satisfactory results. Yu et al. (2013) de-
rived the constrained Delaunay triangulation of 3D
lines in the 4D light field space. On this basis, they
introduced the line-assisted graph cuts to improve
depth estimation. However, the 3D lines were parti-
tioned into small and incoherent segments, resulting
in wrong estimation. These two methods notice only
the appearance of occlusion but do not realize the
cause of occlusion formation. Thus, the results are
still oversmoothed in the occlusion boundaries.

Chen et al. (2014) first realized that although
the photo-consistency assumption does not hold for
all views, it holds for a part of views, i.e., the un-
occluded views. On this basis, a bilateral consis-
tency metric (BCM) has been proposed to measure
the possibility of unoccluded views so that the most
likely unoccluded views are selected for depth esti-
mation. This work involves the occlusion but lacks
the occlusion model. Wang et al. (2015) analyzed
the formation of occlusion in the light field. By
making the prior assumption of single-occluder oc-

clusion, they found that the projection consistency
between the spatial and the angular patches in oc-
clusion boundaries, i.e., the line separating the oc-
cluded/unoccluded views in the angular space, has
the same orientation as the edge in the spatial space
(Fig. 6). Using this consistency, the unoccluded
views are selected according to the edge orientation,
and then these unoccluded views are encoded into
the data and the smooth terms of the global mini-
mization energy function.
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Fig. 6 Projection consistency between the spatial and
angular patches in occlusion boundaries: (a) pinhole
model; (b) ‘reversed’ pinhold model

The root mean square (RMS) errors of disparity
estimation of the state-of-the-art techniques on the
public synthetic light field data sets (Wanner et al.,
2013) are listed in Table 1, from which we find that
Chen et al. (2014) achieved the best result. For real
light field data captured by the Lytro or Lytro il-
lum, due to the lack of ground truth depth, Wang
et al. (2015) obtained the best result in qualitative
comparison.

4.1.2 Noise

Due to the ultrasmall aperture of the microlens
in light field cameras (14 µm in Lytro, 20 µm in Lytro
illum, and 50 µm in Raytrix), the captured light
field image has a low signal-to-noise ratio (SNR),
which makes the state-of-the-art algorithms fail on
real data. A common solution to reduce the influ-
ence of noise is to select as many views as possible.
However, there are trade-offs in this solution; i.e.,
too many views lead to oversmooth occlusion bound-
aries and fewer views decrease the robustness in noisy
areas.
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Table 1 Root mean square (RMS) errors of disparity estimation of state-of-the-art techniques

Reference
RMS error

Buddha Buddha2 Horses Medieval Mona Papillon StillLife Average

Wanner and Goldluecke (2012a) 0.079 0.094 0.163 0.111 0.096 0.158 0.184 0.126
Tao et al. (2013) 0.103 0.102 0.119 0.133 0.127 0.273 0.198 0.151
Yu et al. (2013) 0.134 0.179 0.188 0.144 0.119 0.406 0.150 0.189

Chen et al. (2014) 0.057 0.139 0.122 0.129 0.077 0.108 0.113 0.106
Jeon et al. (2015) 0.094 0.070 0.129 0.123 0.081 0.237 0.135 0.124
Wang et al. (2015) 0.095 0.107 0.140 0.115 0.089 0.125 0.212 0.126

Bold numbers represent the best values in the corresponding column

The algorithms (Tao et al., 2013; Yu et al., 2013;
Tosic and Berkner, 2014; Wanner and Goldluecke,
2014) that use all views can achieve good results on
real light field data. However, the details of disparity
are often smoothed. Chen et al. (2014) dynamically
selected the unoccluded views during digital refocus-
ing. Because the BCM of a fixed view varies from the
refocus levels, the selected unoccluded views are also
uncertain which decreases the robustness of the al-
gorithm in noisy environments. The projection con-
sistency found by Wang et al. (2015) is an important
feature which guarantees that certain and enough
unoccluded views are selected for depth estimation.
This is why the BCM produces the best result on syn-
thetic data but fails on real data. Because the light
field has many more views than conventional mul-
tiview stereo, Williem and Park (2016) divided the
angular patch into 3× 3 subregions and proposed an
angular entropy metric to select the subregion that
is least polluted by noise and occluded views.

4.1.3 Glossy surface

Passive depth estimation for glossy objects such
as metals, plastics, or ceramics has rarely been re-
searched in light field. Because the classic photo-
consistency assumption does not hold on glossy sur-
face, the state-of-the-art algorithms perform poorly
(Yu et al., 2013; Chen et al., 2014; Wanner and Gold-
luecke, 2014; Jeon et al., 2015; Lin et al., 2015; Wang
et al., 2015).

Johannsen et al. (2016) introduced sparse light
field coding for specular surfaces. By learning the
structure of the center view using dictionary learn-
ing and generating the light field atoms in the 4D
space, the light field of a specular surface can be de-
composed into different superimposed layers, which
leverage depth estimation for these non-Lambertian
areas. Tao et al. (2016) proposed a clustering method

to eliminate specular pixels. Then the dichromatic
model was adopted, and the consistency of the point
and line was generalized from the photo-consistency
measure to deal with the Lambertian surface and
specular surface, respectively. However, artificial
classification decreases the generality of the method
for a glossy surface, and the dichromatic model fails
to hold for metals. Wang et al. (2016a) analyzed
diffuse plus single-lobe spatially varying (SV) bidi-
rectional reflectance distribution functions (BRDFs)
in the light field. By using the differential motion
theory, they derived an SVBRDF-invariant equation
relating depths and normals for a single-lobe BRDF
that depends only on half-angles. By assuming a lo-
cal polynomial prior on the surface, the shape and
reflectance were both recovered. However, for gen-
eral multilobe reflectance, this method has a few
limitations.

In summary, depth estimation algorithms for
the Lambertian surface have been well developed.
Because the light field provides many more views
than traditional multiview stereo matching, the key
solution for the occlusion and noise problems is to
select as many unoccluded views as possible. For
a non-Lambertian surface, although some models or
methods have been proposed, there is no theoretical
solution until now, and it is still an open issue in
light field depth estimation.

4.2 Super-resolution reconstruction

In the light field domain, spatial and angular res-
olutions are two aspects of a contradiction. A num-
ber of works on light field SR have been published
in recent years. For didactic purpose, we classify
the various techniques into two categories, namely,
geometrically dependent and independent methods.
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4.2.1 Geometrically dependent super-resolution
reconstruction

Compared with the traditional 2D image-based
SR, one of the advantages of light field is the capa-
bility of subpixel disparity estimation. The accuracy
of the state-of-the-art depth estimation algorithms
can reach 0.1 pixel (Table 1). Therefore, although
the spatial resolution is decreased to trade the angu-
lar resolution in light field cameras, the images added
from other views provide the possibility of recovering
high-spatial-resolution images.

Bishop and Favaro (2012) analyzed the effect
of aliasing in light field reconstruction and obtained
both the depth and the high-resolution texture itera-
tively using a variational Bayesian framework. Wan-
ner and Goldluecke (2012b) formulated view synthe-
sis as a continuous inverse problem. The subpixel
disparity map was estimated using structure tensor,
and then the foreshortening effects caused by scene
geometry transformations were correctly taken into
account to improve both angular and spatial resolu-
tions in the light field. Apart from these, Georgiev
et al. (2011) and Yu et al. (2012) also made some
useful explorations for geometrically dependent SR
algorithms. All these methods need an input with
4D light field recordation. Recently, Zhang et al.
(2015) proposed to reconstruct the 4D light field from
a stereo pair. By introducing a disparity-assisted
phase-based synthesis, they iteratively reconstructed
the 4D light field. It opens a new idea for geometri-
cally dependent SR.

4.2.2 Geometrically independent super-resolution
reconstruction

The 4D light field is redundant, and there is a
dimension gap between the 4D light field and the 3D
world (Levin and Durand, 2010). This is the basis
for geometrically independent SR. Levin and Durand
(2010) found that the energy of the Fourier spectrum
in a 4D light field focuses on a 3D subset and pro-
posed to reconstruct the 4D light field by adding the
Fourier spectrum of the 3D focal stack into the 4D
light field. This idea was also adopted by Pérez et al.
(2012). Another study shows the sparsity of the 4D
light field (Shi et al., 2014). By combining it with the
idea of sparse Fourier transform, Shi et al. (2014) re-
constructed the 4D light field from an angular-sparse
light field.

Apart from the consideration of dimension gap,
two hot tools, i.e., compressive sensing and deep
learning, have been applied in light field SR. By
placing a well-designed mask at the camera aper-
ture, the rays from different angles were combined
into the same image in a single shot, and the light
field could be recovered via a Bayesian algorithm
(Babacan et al., 2012; Marwah et al., 2013), Yoon
et al. (2015) and Kalantari et al. (2016) trained a
deep neural network using a large number of light
fields for spatial and angular SR, respectively.

5 Light field applications

Unlike traditional imaging systems that lose the
diversity between different rays, light field cameras
capture rays from different angles. Apart from this,
the BRDF can be estimated from multiview repre-
sentations in the light field, which provides new ap-
proaches to analyze the elements in nature, such as
liquids or cells. We review recent developments of
light field in various disciplines, such as informatics,
physics, medicine, and biology.

5.1 Informatics

A number of light field based applications have
been developed in computer graphics, computer vi-
sion, and security areas. All these applications
show great advantages compared with traditional
methods.

In computer graphics, the light field is an im-
portant tool in rendering, stitching, and segmenta-
tion. Light field rendering is geometry independent,
which does not require depth estimation (Shum and
Kang, 2000; Buehler et al., 2001). Classic digital
refocusing (Ng, 2006) is capable of refocusing im-
ages in a fixed depth. Generalized volumetric focus
(Dansereau et al., 2015) can even refocus images in
a depth range. Because the depth is embedded in
the light field, panoramic light field theoretically re-
moves the outliers due to parallax (Birklbauer et al.,
2013; Birklbauer and Bimber, 2014; Guo et al., 2016)
and improves the stitching results. On the basis of
digital refocusing, the object can be segmented from
a complex natural environment instead of from a
background with pure colors (Maeno et al., 2013;
Edussooriya, 2015; Xu et al., 2015; Mihara et al.,
2016), which improves the editing techniques in film
making (Lytro Inc., 2011) (Fig. 7).
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In computer vision, the light field has benefit-
ted saliency detection, scene flow estimation, and
material recognition. The introduction of focusness
improves the accuracy of saliency detection in ob-
ject boundaries to a great extent (Li et al., 2014;
Zhang et al., 2015). In scene flow estimation, the
light distribution in a higher 4D space provides a
more accurate comparison between patches at differ-
ent time and thereby provides a more precise scene
flow estimation in environments of varying illumina-
tions for motion analysis (Iffa et al., 2012; Srinivasan
et al., 2015). Apart from these, the SVBRDF invari-
ance of a glossy surface has been applied in material
recognition (Wang et al., 2016b), which achieves a
7% boost compared with the traditional 2D image-
based method.

In the security area, one of the most impor-
tant applications is ‘seeing through occlusion’ (Isak-
sen et al., 2000) (Fig. 8). If the size of the synthetic
aperture is larger than the occluder, the occluder
will be blurred when the light field is refocused to the
depth of the scene. Latter studies (Vaish et al., 2006;
Xiao et al., 2014) have improved the basic method
by selecting the unoccluded views for digital refocus-
ing. Apart from this, the light field based flat surface
detection has been well researched in face-based au-
thentication systems (Ghasemi and Vetterli, 2014;
Kim et al., 2014; Raghavendra et al., 2015).

(a) (b)

Fig. 7 Object segmentation in light fields (Lytro Inc.,
2011): (a) original scene; (b) segmented human

(a) (b)

Fig. 8 Seeing through occlusion (Vaish, 2007): (a)
image from one view; (b) synthetic aperture image

5.2 Physics

PIV is an important issue in hydromechanics,
and a number of methods have been developed, such
as the defocusing digital PIV, tomographic PIV, and
holographic PIV. However, there are two weaknesses
in traditional methods, i.e., low seeding density and
small volume size. Synthetic aperture PIV over-
comes the inherent challenges of 3D PIV and shows
the ability to reconstruct fields with high seeding
density and large volume size (Belden et al., 2010;
Fahringer and Thurow, 2012; Thurow and Fahringer,
2013) (Fig. 9). By combining it with multiple light
sheet illumination, two-component velocity measure-
ments on multiple planes can also be achieved (Skup-
sch and Brücker, 2013).
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Fig. 9 Three-dimensional vector field resulting from
particle image velocimetry (PIV) processing using
synthetic aperture PIV (Belden et al., 2010)

The measurement of a flame’s 3D radiant energy
field plays an important role in the analysis of the
combustion process. Compared with the traditional
computed tomography (CT), light field photography
can theoretically achieve the synchronous acquisi-
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tion of optical field information at large projection
angles, which is more suitable for detecting the tem-
perature of an exhaust plume. Yuan et al. (2016) an-
alyzed the optical fields of participating media, such
as absorbing, scattering, and emitting media. They
summarized advantages and disadvantages of obtain-
ing the emission characteristics and the temperature
field using light field cameras. Based on this, Niu
et al. (2016) further developed a generalized source
multiflux method, which is faster and more accurate
than those in previous studies, to simulate outgo-
ing radiative intensities in arbitrary directions at the
boundary surfaces of absorbing, emitting, and scat-
tering media.

5.3 Medicine and biology

Because light field cameras can provide multi-
view images and the depth map in a single shot, it is
suitable for observing moving or light-sensitive spec-
imens using light field cameras. Levoy et al. (2006)
built the first light field microscope by replacing the
eyepiece in a traditional microscope with a microlens
array and a camera sensor (Fig. 10). They obtained
perspective views, focal stacks, and 3D reconstruc-
tions for a variety of biological specimens. Brox-
ton et al. (2013) introduced the wave optics theory
for the light field microscopy model, which leads to
higher spatial resolution and better optical section-
ing. Mignard-Debise and Ihrke (2015) explored an
inexpensive light field microscope by replacing the
previous microlens array and the camera sensor with
a Lytro camera directly.

uv

st

uv
st

G

F

2.5 mm

160.0 mm

0.2 mm

Fig. 10 Light field microscope and the captured light
field of the specimen (Levoy et al., 2006)

Apart from the MLA-based light field mi-
croscopy, Orth and Crozier (2013) introduced light
field moment imaging (LFMI) in the design of the
microscope. The scene was shot twice at different
focus depths and the 4D light field was obtained by

solving a Poisson equation. Liu et al. (2015) reduced
the noise and errors in LFMI by increasing the num-
ber of shots.

6 Conclusions

Light field imaging theory is a hot spot in com-
putational photography and brings revolutionary in-
novations to traditional digital imaging technologies.
By using light field cameras, we have changed the
ways of sensing, observing, and cognizing the physi-
cal world.

To further extend the applications of light field,
it is necessary to calibrate light field cameras accu-
rately and register multiview light fields to improve
both the field of view and depth of field. The bot-
tleneck of spatial and angular resolutions has been
solved gradually by compressive sensing and using
a high-dimensional deconvolution filter. Consider-
ing that there are various depth cues in a single
shot of light field cameras, it is possible to fuse
multiple depth cues to obtain high-accuracy 3D re-
construction and SR. The theoretical outcomes of
light field processing will arouse significant revolu-
tions for the core problems in computer vision and
promote the applications of light field theory and
imaging technology in some important domains, such
as anti-terrorism surveillance, industrial inspection,
novel medical imaging, augmented reality, and future
media.
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