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a b s t r a c t
Light-ﬁeld imaging provides a novel solution to the passive 3D imaging technology. However the dense
multi-view sub-aperture images decoded from the light-ﬁeld raw image have extremely narrow baselines,
which lead to inconsistent matching with terrible blurriness and ambiguities. This paper presents an accurate depth estimation algorithm for object surface using a lenslet light-ﬁeld camera. The input data
for depth estimation can be both light-ﬁeld videos and images under indoor and outdoor environment.
To tackle the continuously changing outdoor illumination and take full advantage of rays, rendering enhancement is performed through denoising and local vignetting correction for obtaining high-ﬁdelity 4D
light ﬁelds. The novel sub-aperture image pair selection and stereo matching algorithm are proposed for
disparity computation. Then we apply the disparity reﬁnement for recovering high quality surface details
and handling disparity discontinuities. Finally both commercial and self-developed light-ﬁeld cameras are
used to capture real-world scenes with various lighting conditions and poses. The accuracy and robustness of the proposed algorithm are evaluated both on synthetic light-ﬁeld datasets and real-world scenes
by comparing with state-of-the-art algorithms. The experimental results show that high quality depth
maps are recovered with smooth surfaces and accurate geometry structures.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Depth estimation and 3D reconstruction of visual scenes or
objects are desirable for many applications. Rapid developments
of computer vision and computational photography provide novel
opportunities to reconstruct precise depth maps and 3D models.
3D imaging can be typically classiﬁed into active and passive acquisition technologies [1]. Active acquisition technologies, such as
Kinect, Time-of-Flight and Laser Scanners, rely on the extra controlled lighting or electromagnetic radiation to measure distances
between the camera and points on the object. Rather, passive acquisition technologies recover the depth information from visual
cues of multiple 2D images (e.g. texture, shading) without the help
of emitting lighting patterns on the scene. In contrast to active 3D
imaging that generally adapts for controlled indoor environment,
passive 3D imaging can be applied to different capture systems using the commodity hardware, without constraints on the camera
amount and lighting variations. By far, most passive systems, such
as multi-view stereo (MVS) and photometric stereo (PS), capture
∗
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multiple images using a few DSLR cameras in different viewpoints
or different illumination directions. Generally, the performances of
existing 3D imaging methods are limited to Lambertian objects under accurate camera calibration, but seriously degrade for textureless or transparent objects. In this paper, we focus on a novel passive, multi-view 3D imaging technology -the light-ﬁeld camera- for
high quality depth map estimation from videos and images under
indoor and outdoor environment.
Compared with traditional digital cameras that only measure
the amount of rays, the light-ﬁeld camera also measures the directional lighting distribution arriving at each location on the sensor.
Thus, it is capable of recording both radiance values and angular
directions of rays from the scene in single snapshot. The light-ﬁeld
camera solves the tradeoff between the aperture size and depth
of ﬁeld (DoF) for traditional photography. Nowadays, commercial
light-ﬁeld cameras, such as Lytro and Raytrix, are produced by inserting a microlens array between the main lens and the sensor.
The additional rays data brings about great post-processing power,
e.g. digital refocusing, depth estimation, stereoscopic display, microscopical technique, etc.
Based on such unique attributes, the light-ﬁeld camera becomes a highly popular passive 3D imaging device in recent years.
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Fig. 1. The ﬂowchart of our proposed algorithm. Top: an indoor video and a set of outdoor 2D images. Bottom: the pipeline of our proposed algorithm. (a) The light ﬁeld raw
image of an outdoor scene. (b) Decoding and calibration for obtaining 4D light ﬁelds L(u, v, x, y). (c) Rendering enhancement by denoising and local vignetting correction.
(d) The estimated high quality depth map and the corresponding central view image.

Compared with traditional passive 3D imaging methods, the lightﬁeld camera has special advantages: (a) Operating like a common
DSLR camera, ﬁeld-of-view (FoV) and depth-of-ﬁeld (DoF) can be
adjusted for capturing small objects at a distance under indoor and
outdoor environment, whereas active imaging devices usually have
limited and ﬁxed range of depth under controlled indoor lighting
environment. (b) By decoding the light-ﬁeld raw image, a set of
sub-aperture images with small viewpoint differences can be obtained in single photographic exposure. Such a powerful imaging
system is easily applied to incorporate with other active devices
and passive stereo systems.
Even though many algorithms [2–11] recently emerged and
achieved good performances for depth estimation from 4D light
ﬁelds, it is still a challenging task on account of two important difﬁculties: (a) the range of viewpoints spans an extremely narrow
baseline (within 3 pixels for Lytro); (b) the spatial resolution of
each sub-aperture image is a tradeoff with the angular resolution.
In this paper, moving objects are taken in videos by our selfdeveloped light-ﬁeld camera under indoor lighting condition, and
a set of light-ﬁeld images are freely captured by Lytro Illum under
outdoor natural illumination. A complete light ﬁeld processing procedure (Fig. 1) is presented with light-ﬁeld image acquisition, decoding, rendering enhancement, and high quality depth estimation.
The calibration and decoding algorithms are based on the public
toolbox designed by Dansereau et al. [12]. To tackle the problem of
continuously changing outdoor illumination and take full advantage of rays, rendering enhancement with denoising and local vignetting correction is proposed to improve the rendering quality
of 4D light ﬁelds. Then the novel sub-aperture image pair selection and stereo matching algorithm are introduced for depth map
computation. The extremely narrow baseline between sub-aperture
images is represented based on the phase shift theorem [2,4]. Disparity reﬁnement is applied for recovering high quality surface details and handling disparity discontinuities. To verify the accuracy
and robustness of the proposed algorithm, we perform quantitative
and qualitative evaluations on public synthetic light ﬁeld datasets

and complicated real-world scenes through comparing with stateof-the-art algorithms. The experimental results show that our proposed algorithm can reconstruct high quality depth maps with ﬁne
surface details and accurate geometry shapes under indoor and
outdoor illumination.
1.1. Contributions
To the best of our knowledge, it is the ﬁrst work about taking
videos by a light-ﬁeld camera as input for depth map estimation.
Besides this creative capturing system, the main contributions of
this paper are as follows.
• In order to take full advantage of rays, we seek to improve
the captured light ﬁelds by a rendering enhancement process,
rather than discarding noisy marginal pixel. The rendering
enhancement is applied with denoising and local vignetting
correction for handling complicated outdoor illumination. The
rendered light ﬁelds contribute to accuracy improvement and
ambiguities reduction for high quality depth estimation.
• The novel depth estimation algorithm is introduced by exploiting attributes of the light-ﬁeld imaging. The narrow baseline
between sub-aperture images is represented by the phase shift
theorem in the Fourier domain. Stereo matching is performed
on sub-aperture images in the same angular dimension v of 4D
light ﬁelds L(u, v, x, y) respectively. The disparity reﬁnement is
applied by sub-pixel processing, depth fusion and disparity discontinuities handling.
• The accuracy and robustness of the proposed algorithm are
evaluated on public synthetic light ﬁeld datasets and complicated real-world scenes. The recovered depth maps are remarkably accurate according to the quantitative measurement comparing with state-of-the-art algorithms. The effectiveness and
robustness of the proposed algorithm are tested on light-ﬁeld
images and videos of real-world scenes captured by our selfdeveloped light-ﬁeld camera and Lytro Illum.
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Fig. 2. The light-ﬁeld cameras.

The remainder of this paper is organized as follows. In
Section 2, an overview of the related work is introduced. The
details of the proposed algorithm are described step by step in
Section 3. And the experimental results are shown in Section 4.
2. Related work
2.1. Decoding and calibration
4D light ﬁelds represent the ﬂow of rays through 3D space,
and parameterize the rays by their intersections with two planes
uv and xy [13] (Fig. 2(e)). Decoding is the data conversion process
from a light-ﬁeld raw image to 4D light ﬁelds L(u, v, x, y), whose
spatial resolution (x, y) depends on the lenslet number and angular resolution (u, v) depends on the corresponding pixel number of
each microlens on the sensor. (Fig. 1(a)). Dansereau et al. [12] proposed a decoding, calibration and rectiﬁcation procedure for lightﬁeld cameras. In this toolbox, a 15-parameter camera model was
presented for accurate calibration and lens distortion rectiﬁcation.
Based on [12], Cho et al. [14] modeled the light-ﬁeld camera calibration by searching for local maxima and estimating rotation of
the microlens array in frequency domain. Sabater et al. [3] performed decoding by estimating the transformation between two
coordinate systems without demosaicing the raw image. Bok et al.
[15] proposed a novel geometric calibration method by directly extracting line features from the light-ﬁeld raw image instead of using sub-aperture images. It solved the diﬃculty in ﬁnding chessboard corners due to the narrow ﬁeld-of-view and limited resolution of the microlens. Decoding and calibration are important yet
challenging tasks in the whole light-ﬁeld imaging and processing
procedure.
2.2. Depth estimation from stereo matching
Stereo matching, as one of the most popular research topics
in computer vision, attracts great interest and has a wide range
of applications in 3D modeling, virtual reality, etc. According to
the taxonomy [16], stereo algorithms generally perform four steps:
matching cost computation, cost aggregation, disparity computation, and disparity reﬁnement. It can be categorized into local
(window-based) and global algorithms. Local algorithms compute
the dense depth map from matching costs of the local support
window, and the smoothness constraint is enhanced in the cost aggregation step. An implicit assumption is that all pixels within the
support window are of equal or similar disparities [17]. However,

this assumption is easily broken down if the local support window contains disparity discontinuities and occlusions. On the other
hand, global algorithms seek the optimal disparities by minimizing
an energy function consisting of the data term and the smoothness
term, e.g. Graph Cuts [18] and Belief Propagation [19].
In order to handle disparity discontinuities and occlusions
within the local support window, some typical methods were proposed, such as adaptive windows [20], shiftable windows [21],
color segmentation [22], etc. The optimal windows were selected
based on certain local properties to avoid covering disparity discontinuities. Yoon et al. [23] explored the adaptive support weights
(ASW) strategy that support weights were adaptively decided by
the spatial distance and intensity similarity to the central pixel.
ASW had achieved state-of-the-art performance and widely applied with other methods over many years. Yang [24] presented
a MST-based non-local cost aggregation method to handle potential disparity discontinuities using the segment prior. Cheng et al.
[17] proposed a global edge constraint to estimate the optimal support windows and incorporate as a soft constraint in the global
optimization framework. And Yang et al. [25] exploited the albedo
properties of different reﬂective materials to discriminate disconnected self-similar regions. Liu et al. [26] proposed a Bayesian
framework combined with local and global matching methods to
generate accurate and temporal consistent dense depth videos. Although a great many of research works have been conducted to
reconstruct accurate depth maps from stereo matching in the past
decades, it is still a challenging task to deal with disparity discontinuities, occlusions, and complex reﬂection properties for realworld strongly-textured, textureless or transparent scenes.
On the other hand, stereo matching is the fundamental technique and plays a critical role in 3D modeling. PMVS proposed
by Yasutaka Furukawa et al. [27] is the most signiﬁcant multiview stereo system. PatchMatch [28] is another popular stereo algorithm that solves slanted surfaces. Liu et al. [29] integrated the
silhouette information and epipolar constraint into the variational
method for continuous depth map estimation. A variational energy function is designed consisting of the local feature matching term and the global smoothness term. Then a multiple starting scales (MSS) framework is proposed to reconstruct accurate 3D
models. Moreover, Liu et al. [30] proposed a robust MVS algorithm
for free-viewpoint videos captured by a multicamera 3D studio.
Point clouds were extracted according to a stereo matching metric that robust to the noise, occlusion, and lacking of texture. Li
et al. [31] proposed a depth-map-fusion-based MVS reconstruction
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algorithm, which applied stereo matching for depth estimation and
computed the T V + L1 energy function by the coordinate decent
strategy. Liu et al. [32] presented an albedo-assisted high quality
shape reconstruction approach from 4D light ﬁelds, which could
handle non-Lambertian scenes with multi-albedos and shadows.
However, most classical passive multi-view reconstruction systems
are complicated by using a few DSLR cameras to capture images in
different viewpoints. It is still an important research topic with a
lot of diﬃculties for real-world applications.

3. Accurate depth estimation from light-ﬁeld videos and
images

2.3. Depth estimation from the light-ﬁeld imaging

3.1. Decoding and calibration

As a classical research topic for light-ﬁeld post-processing,
depth estimation [2–11] recently attracts great attention and
makes rapid development. Traditional multi-view methods just
perform well on viewpoints with wide baselines (from feet to
miles). However, the baseline between sub-aperture images from
4D light ﬁelds is very narrow (from inches to microns), which leads
to inconsistent and sparse matching results with blurriness and
ambiguities. In Zhang et al. [4], a coarse disparity map was generated by the dense stereo matching algorithm and then reﬁned
using a disparity assisted phase based strategy. Tao et al. [5] proposed a fusion framework with defocus and correspondence cues
using the full 4D EPI, and the globally smooth depth map is reﬁned through MRF with local cues. Then they combined lighting
and shading cues based on the depth map from [5] in [6]. Wanner et al. [7] computed local slope estimates on EPI for each pixel
in each view using the structure tensor, and integrated these local
estimates into a high quality depth map based on variational regularization. Tosic et al. [8] constructed light-ﬁeld scale-depth spaces
by convolving given light ﬁelds with a suitable kernel. The detected
extrema in such scale-depth spaces provided scale and depth estimates, which were then converted to dense depth maps by solving
occlusion conﬂicts across all views. Yu et al. [9] explored geometric structures of 3D lines in ray space as bilinear structures, then
improved the light-ﬁeld triangulation as well as stereo matching
by applying Constrained Delaunay Triangulation (CDT) and lineassisted graph-cut (LAGC) algorithms. Lin [10] exploited two new
features of the light-ﬁeld focal stack for depth estimation. One feature was that non-occluding pixels exhibit symmetry along the
focal depth dimension centered at the in-focus slice. The other
was that a new data consistency measure based on analysis-bysynthesis. Based on the framework of Tao et al. [5], Wang et al.
[11] proposed an occlusion prediction framework using a modiﬁed
angular photo-consistency, and then produced an occlusion-aware
robust depth estimation algorithm by fusing depth, correspondence
and refocus cues.
Our proposed algorithm make use of the phase shift theorem in
the Fourier domain to represent the narrow baseline between subaperture images as Jeon et al. [2] and Zhang et al. [4]. Furthermore,
the proposed depth estimation algorithm is mostly related to Jeon
et al. [2] and Sabater et al. [3]. Speciﬁcally, Jeon et al. [2] computed
the cost volume using the intensity and gradient similarity measurement between sub-aperture images, and a multi-label optimization and iterative optimization were executed to recover high
quality depth maps. However the estimated depth map is somehow over-smoothing around disparity discontinuities, which generates ”fat-edge” with large artifacts. Sabater et al. [3] presented a
block-matching depth estimation algorithm using the sub-aperture
image pairs without demosaicking. Compared with [2,3], the key
novelties of our proposed algorithm are the sub-aperture image
pair selection, the high-ﬁdelity light ﬁeld rendering enhancement,
and the disparity reﬁnement algorithms. Meanwhile, the experimental results demonstrate that our proposed algorithm is remarkably accurate and robust for indoor and outdoor illumination.

The light-ﬁeld cameras are produced by inserting a microlens
array between the main lens and the sensor (Fig. 2(d)). Based
on this microlens array structure, a light-ﬁeld raw image can be
viewed as an array of images captured by a grid of cameras from
different viewpoints. The light ﬁelds within a scene can be parameterized as a two-plane 4D function L(u, v, x, y), which record
the positions and directions of rays [33](Fig. 2(e)). The rays are assumed to travel from the uv plane towards the xy plane. (u, v) is
the index of different viewpoints. (x, y) represents the spatial coordinates on each view.
Decoding is to reorganize pixels of the raw image in such a way
that all pixels capturing the rays with a certain angle of incidence
are stored in the same sub-aperture image. We apply the decoding and calibration algorithms proposed by Dansereau et al. [12].
Firstly, a set of white images are captured for calculating the average white image. After demosaicking a Bayer-pattern raw image,
the 4D light ﬁelds matrix L(u, v, x, y) is generated based on the estimated lenslet image centers. The camera calibration model from
Dansereau et al. [12] is used for distortion correction, which models the main lens as a thin lens and the microlens array as an array
of pinholes. This calibration model is much more eﬃcient than Bok
et al. [15]. After calibration and rectiﬁcation, the sub-aperture image pairs in the same angular dimension v of 4D light ﬁelds L(u, v,
x, y) adhere to the epipolar geometry constraint. This means that
the corresponding horizontal scanlines are epipolar lines.
It is noted that the lenslet centers are accurately located using [12] (Fig. 3(b)), whereas the decoded sub-aperture images
(Fig. 3(c)) are not rendered as high-ﬁdelity as the output from
Lytro software (Fig. 3(d)). So we carry out the rendering enhancement in the next section.

To recover high quality depth maps, a complete light-ﬁeld processing procedure is proposed in detail in this section. The input
data for depth estimation can be videos and images captured by
light-ﬁeld cameras (Fig. 2(a),(c)) under indoor and outdoor environment. The procedure contains capturing light-ﬁeld raw data,
calibrating camera parameters, decoding, rendering enhancement,
and depth estimation.

3.2. Rendering enhancement
As the above analysis, the decoded sub-aperture images are not
so visually realistic as the rendering output from Lytro software.
In order to take full advantage of rays, we seek to improve the
captured light ﬁelds by a rendering enhancement process, rather
than discarding noisy marginal pixels. The rendering enhancement
is applied with denoising and local vignetting correction for handling complicated outdoor illumination.
Color correction is carried out by gamma correction and histogram equalization on RGB channels in [12]. Meanwhile, vignetting correction is done via dividing the light-ﬁeld raw image
by the average white image. This is a global vignetting correction
method for correcting the strongly degraded boundary pixels of
boundary views.
Local enhancement is implemented for each sub-aperture image after executing the color and vignetting correction. It contains
the intensity improvement, denoising by bilateral ﬁltering, and local vignetting correction. Vignetting refers to the phenomenon of
brightness attenuation away from the image center, and is an artifact that is prevalent in photography. Bias denotes the spatial variations of intensity caused by illumination changes. As a result, im-
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Fig. 3. The decoding and rendering results. (a)The raw image after demosaicking. (b)The close-up of estimated lenslet centers. (c)The initial decoded sub-aperture image.
(d)The rendering output from Lytro software [34]. (e)Our rendering enhancement result.

ages captured using a light-ﬁeld camera are particularly degraded
by vignetting and bias.
We perform denoising through bilateral ﬁltering combined with
an intensity truncation for decreasing highlights and shadows. The
equation is deﬁned as

Ip =

1 
W

ωd · ωc · min {max [Iq , 1 ], 2 }

(1)

q∈ N p





Ip − Iq 2
 p − q2
ωd = exp −
,
ω
=
exp
−
c
2σd2
2σc2

(2)

where Np is a set of neighboring pixels, W is a normalizing factor,
ωd is the Euclidean distance, ωc is the color similarity, and  1 ,  2
are truncating values.
Then vignetting and bias correction algorithms in [35] are applied on each sub-aperture image. Finally, we perform histogram
matching with the rendering output of Lytro software [34]. Our
rendering enhancement results are high-ﬁdelity with more textures (Fig. 3(e)), which contribute to accuracy improvements and
ambiguities reductions for high quality depth estimation.
3.3. Depth map estimation
Through decoding, calibration, and rendering enhancement, we
obtain high-ﬁdelity 4D light ﬁelds L(u, v, x, y) for depth estimation.
The available angular resolution (u, v) of our self-developed lightﬁeld camera is 9 × 9, and the Lytro Illum camera is 13 × 13. In
the proposed algorithm, we make use of the full 4D light ﬁelds
(9 × 9) of each video frame captured by our self-developed lightﬁeld camera. There are two key factors specially ﬁtting for 4D light
ﬁelds. The ﬁrst factor is that we exploit the phase shift theorem in
the Fourier domain to model the sub-pixel displacement between
sub-aperture images as [2,4]. The second factor is that the subaperture images in the same angular dimension v already adhere
to the epipolar geometry after lens distortion correction and rectiﬁcation by camera calibration. Consequently, the corresponding
horizontal scanlines are epipolar lines, and we can directly apply

stereo matching for any sub-aperture image pairs in the same angular dimension v.
Based on the above analysis, we present a novel sub-aperture
image pair selection method for depth map estimation (Fig. 4).
One view of 4D light ﬁelds indicates one special angular direction, that is one sub-aperture image. Sabater et al. [3] took 6 ×
6 central views from 10 × 10 views captured by Lytro 1.0, and performed similarity measurement on odd views or even views in the
same angular dimension respectively. Jeon et al. [2] calculated the
matching costs between the central view and all the other views.
Theoretically, the horizontal and vertical baselines among nearest
views are equal. So there are a few redundant information in the
matching costs calculation by Jeon et al. and Sabater et al. [2,3].
3.3.1. Disparity computation
The classical stereo vision framework performs four steps:
matching cost computation, cost aggregation, disparity computation, and disparity reﬁnement. In the proposed algorithm (Fig. 4),
the pixel-based matching is computed based on locally scaled sum
of squared differences (LSSD) with a novel sub-aperture image pair
selection principle. We only take the horizontal intensity and gradient differences into consideration, and the matching costs are
built between the central view and its left views in the same angular dimension v. Meanwhile, we calculate the matching costs between the central view and its right views for occlusion detection
by left-right checking. It is noted that the central view is set as
the reference view all the time. The outliers are detected by checking the left matching and the corresponding right matching of the
central view (Fig. 4 top: the histograms with same color bounding box). This left-right checking method takes advantage of the
horizontally equal baseline between viewpoints of 4D light ﬁelds.
Then we take the central view as the guided image to ﬁlter for
edge-aware smoothing and detail enhancement from [36]. Finally,
the multi-label optimization model with Graph Cuts from [2] is applied to recover precise depth maps.
Speciﬁcally, the cost volume C(x, y, l) is an array consisting
of the cost for each label l at pixel (x, y). Our matching cost
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Fig. 4. The depth map estimation pipeline. The matching costs are calculated between the central view and its left views (the green rectangle) with the same angular
dimension v respectively. And matching costs between the central view and corresponding right views are used for left-right checking. The histogram for each matching cost
is on top of each view. After obtaining depth maps for each central view, disparity reﬁnement is performed to obtain the ﬁnal high quality depth map. (For interpretation of
the references to color in this ﬁgure legend, the reader is referred to the web version of this article).
Table 1
MSE (mean-squared-errors) on Cube sample
from Wanner [38] dataset.

computation is deﬁned as

C (x, y, l ) = (1 − α )Cintensity (x, y, l ) + αCgradient (x, y, l )
Cintensity (x, y, l ) =



(3)

min(|LSSDuc ,u (d )|, τ1 )

(4)

min(|G∇x LSSDuc ,u (d )|, τ2 )

(5)

(u,v )∈

Cgradient (x, y, l ) =



(u,v )∈

where α is the balance parameter in the range of (0, 1); with a
ﬁxing v, u is the index of each coordinate view; uc is the central
view index;  contains all the candidate views to be matched;
G∇x is the gradients in the x direction on three color channels; τ 1
and τ 2 are thresholds for removing bad matches on occlusion and
textureless areas.
The matching costs LSSDuc ,u (d ) and G∇x LSSDuc ,u (d ) for current view Iu and the central view Iuc are functions of d as

LSSDuc ,u (d ) =



Iuc (x, y ) −

(x,y )∈

Iu¯c (x, y )
I¯u (x + d, y )

· (Iu (x + d, y ))
(6)

G∇x LSSDuc ,u (d ) =



∇x Iuc (x, y ) −

(x,y )∈

·(∇x Iu (x + d, y ))

Scene

WTA

Filtering

Our

Cube

0.004482

0.007597

0.002791

+
−
C (dGC
), C (dGC ), C (dGC
), the optimized depth values dOP with subpixel accuracy can be calculated as

dOP = dGC −

 



+






−

+
−
− C dGC
C dGC





2 C dGC + C dGC − 2C (dGC )

(8)

+
−
where dGC
= dGC + 1 and dGC
= dGC − 1.

The depth fusion is performed by weighted median ﬁltering
over the set of depth maps for each angular dimension v. We only
take the accurate and valid disparity values into consideration, and
do not ﬁll big holes for the ﬁnal depth map. The depth value for
each pixel (x, y) is deﬁned as

d f (x, y ) =

1
N



sig(x , y ) · dOPi (x , y )

(9)

i∈V (x ,y )∈N (x,y )

∇x Iu¯c (x, y )
∇x I¯u (x + d, y )
(7)

where ∇x I¯u and ∇x Iu¯c are the mean gradients that represent the
sharpness as well as small texture changes. d is the sub-pixel
displacement vector deﬁned as d = λ × k × l × (u − uc ). λ = ±1
is a sign so that disparities are always positive according to the
corresponding image pair [16]. This matching cost is proved to be
robust to illumination changes, which extremely adapts to outdoor
illumination environment.
3.3.2. Disparity reﬁnement
After obtaining a set of depth maps dGC for central views in
the same angular dimension v, we apply an optimization by Yang
et al. [37] for obtaining smooth depth maps. Based on the depth
+
−
candidateds dGC
, dGC , dGC
and the corresponding matching costs

where V is the set of depth maps; sig is a discriminant function:
sig(x , y ) = 1, if dOPi (x , y ) > 0 and |dOPi (x , y ) − d¯OPi (x , y )| < δ ;
otherwise sig(x , y ) = 0; N(x, y) is the neighboring pixels in each
depth map; δ is the threshold for truncating the pixels with accurate estimated depth values.
Another important factor is the disparity discontinuities oversmoothed with large artifacts by ﬁltering, especially when the object is very thin or with densely changed texture (Table 1). Disparity discontinuities refer to the sudden changes corresponding to
the edge boundaries between objects in the scene. It is deﬁned as
pixels whose neighboring disparities differ by more than a certain
threshold in a support window [16].
In this paper, disparity discontinuities are extracted by calculating gradients and dilating over the support window in the depth
map (Fig. 5(a)). We seek to preserve reliable and accurate depth estimation values on the smooth surfaces and the disparity discontinuities. As shown in Fig. 5, Cube contains a few thin structures and
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Fig. 5. (a)The disparity discontinuities and ground truth of Cube from Wanner [38] dataset. (b–d) The estimated depth maps (bottom) and absolute error maps |destimate − dgt |
(top): (b) using winner-takes-all (WTA) strategy; (c) after the multi-label optimization and ﬁltering; (d) after our proposed disparity reﬁnement with discontinuities handling.
Best see in color. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article).

Table 2
MSE (mean-squared-errors) statistics on Wanner dataset.
Scenes

Wanner [7]

Joen [2]

Zhang [4]

Wang [11]

Our

Buddha
Mona
Papillon
Maria
Cube
Couple

0.0055
0.0082
0.0226
0.0011
0.0082
0.0016

0.0035
0.0066
0.0027
0.0016
0.0034
0.0013

0.0026
0.0065
0.0178
0.0021
0.0108
0.0018

0.0028
0.0079
0.0023
0.0014
0.0031
0.0025

0.0012
0.0054
0.0020
0.0 0 078
0.0027
0.0011

disparity discontinuities, which are challenging for accurate depth
estimation. The initial estimated depth map using winner-takes-all
(WTA) strategy (Fig. 5(b)) is reliable on continuous surfaces, but
most large artifacts and biases are around disparity discontinuities
and occlusions. In the proposed algorithm, the discontinuity pixels
are set to disparity values with highest accuracies as

ddiscon (x, y ) = arg min{C (dW TA ), C (dGC ), C (d f )}

(10)

d

Table 1 gives the MSE statistical values for experimental results
under different steps in our proposed algorithm. From Fig. 5(c), it
is easy to ﬁnd out that some errors around disparity discontinuities in WTA are tackled by global optimization and local ﬁltering. But there are some new errors generated due to the ”oversmoothing” phenomenon of global optimization and ﬁltering with
the ﬁxed square local window. Our ﬁnal estimated depth map reconstructs the contours of the object with fewer and smaller errors
around disparity discontinuities (Fig. 5(d)). Therefore, the proposed
algorithm performs very well for smooth surfaces and improves accuracy on disparity discontinuities.
4. Experimental results
In this section, we describe the capture system setup and experimental results in detail. The accuracy and robustness of the
proposed algorithm are evaluated both on synthetic light-ﬁeld
datasets and real-world scenes captured by light-ﬁeld cameras un-

der indoor and outdoor environment. Speciﬁcally, there are two
publicly available synthetic light-ﬁeld datasets with ground truth:
Wanner et al. [38] and Ting-Chun Wang et al. [11]. Light-ﬁeld
videos are taken by our self-developed light-ﬁeld camera under indoor lighting system. Light-ﬁeld images are captured by Lytro Illum under outdoor natural illumination. By comparing with stateof-the-art algorithms, the experimental results show that the proposed algorithm can reconstruct high quality depth maps with ﬁne
surface details and accurate geometry shapes.
Although Lytro software [34] can process light-ﬁeld raw images by rendering and refocusing, the decoding and rendering algorithms for obtaining 4D light ﬁelds L(u, v, x, y) are not accessible to
users. Hence, the outputs from Lytro software are just used to visually check out the quality of our captured light-ﬁeld images. The
code is running in Matlab on an Intel i7 3.4GHZ and 20GB memory
PC. And the parameters experimentally perform well with α = 0.6,
τ1 = 0.5, τ2 = 0.5, label− number = 50. In our proposed procedure,
we do not perform refocusing to get an all-in-focus image. How to
capture images by light-ﬁeld cameras becomes an important work
closely related to the depth estimation results.
Based on the taxonomy [16], the quantitative evaluation is performed by computing MSE (mean-squared errors) statistics with
respect to ground truth depth maps. To verify the accuracy and
robustness, the qualitative comparison is performed on real-world
scenes captured using Lytro 1.0 by Tao et al. [5], Lytro Illum and our
self-developed light-ﬁeld camera. The proposed algorithm is compared with recently published state-of-the-art algorithms, e.g. Joen
et al. [2], Zhang et al. [4], Wang et al. [11], Wanner et al. [7], Tao
et al. [5], etc.
4.1. Experiments on synthetic datasets
4.1.1. Wanner dataset results
The light-ﬁeld dataset published by Wanner et al. [38] consists of rendered synthetic scenes by Blender and real-world scenes
captured by Gantry. The angular resolution is 9 × 9. The spatial resolution of sub-aperture images listed in Table 2 is at
least 0.5 megapixels. With regard to the runtime (e.g. for Cube

Table 3
MSE (mean-squared-errors) statistics on Ting-Chun Wang dataset.
Scenes

Bedroom
Livingroom
Outdoor
Plant
Sculptures

Wang [11]

Zhang [4]

Our

overall

occlusion

overall

occlusion

overall

occlusion

0.0301
0.1863
0.0811
0.0566
0.0415

0.0216
0.1307
0.0855
0.0334
0.0232

0.0119
0.0797
0.0245
0.0617
0.0495

0.0133
0.0946
0.0901
0.0279
0.0585

0.0030
0.0982
0.0206
0.0558
0.0556

0.0049
0.1002
0.0659
0.0382
0.0368
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Fig. 6. (a) The indoor capturing setup. (b) Left: central views of one frame from two videos. Right: depth maps by the TOF camera.

Fig. 7. The depth maps with or without rendering enhancement on samples from Tao et al. [5]. (a) Original sub-aperture images. (b) Rendering enhancement results. (c)
The output from Lytro software [34]. (d) Depth estimation results from Sabater et al. [3]. (e) Our results without rendering enhancement. (f) Our results with rendering
enhancement.

Fig. 8. Experimental results for small objects at a distance under outdoor illumination. (a) Top: the depth map from the TOF camera in the same distance; Bottom: the
central view. (b–e) Depth maps estimated by state-of-the-art algorithms and our proposed algorithm (shown both in gray and RGB). (For interpretation of the references to
color in this ﬁgure legend, the reader is referred to the web version of this article).

(9 × 9 × 898 × 898 × 3)), it takes about ﬁfteen minutes without eﬃciency optimization, in which matching cost computation
is the most time-consuming process. The binary masks indicating
valid regions in the ground truth are provided for Gantry samples by Wanner et al. [38]. Therefore, in the experiments, we
generate masks that only contain saliency foreground pixels for

Blender samples. Normalization is applied for the statistical errors
computation.
Table 2 summarizes the quantitative evaluation of the proposed
algorithm comparing with state-of-the-art algorithms. The performances of [2,4,7,11] are computed from implementing source codes
by respective authors. Due to lacking of detailed settings of each
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Fig. 9. Estimated depth maps and absolute error maps on Buddha, Maria and Couple samples. (a) Central view sub-images (bottom) and ground truth depth maps (top) for
each sample. (b–e) Estimated depth maps (top) and corresponding absolute error maps (bottom) |destimate − dgt | by state-of-the-art algorithms and our proposed algorithm
for each sample.

algorithm, we try hard to obtain the best results by optimizing
parameters for different samples. Zhang et al. [4] takes only a
sub-aperture image pair as input for initial stereo matching. Its
goal is to reconstruct 4D light ﬁelds by a disparity assisted phase
based reﬁning strategy. Wang et al. [11] works on handling occlusion boundaries in complicated scenes based on the framework of
Tao [5].
Fig. 9 presents estimated depth maps and absolute error maps
|destimate − dgt | on Buddha, Maria and Couple. Most algorithms perform very well on simple real-world scenes with little occlusions
(Fig. 9 Couple). The “fat-edge” phenomenon with large errors is

generated by Joen et al. [2] (Fig. 9 Buddha). Zhang et al. [4] performs well for Buddha and Mona. There are no large errors around
disparity discontinuities, and the absolute errors for all pixels are
< 0.4. Wang et al. [11] achieves good performances on Buddha, Papillon and Maria. But the smooth surface details of our results are
much more accurate than Zhang et al. [4] and Wang et al. [11]. Furthermore, the proposed algorithm recovers more reliable geometry
structures around some disparity discontinuities than Wang et al.
[11] (Fig. 9 Maria).
To sum up, more than 90% pixels of our experimental results
are with absolute errors < 0.1 as shown in Fig. 9. The proposed

12

F. Liu et al. / Neurocomputing 252 (2017) 3–16

Fig. 10. Estimated depth maps and absolute error maps on Bedroom, Plant and Sculptures samples. (a) Central view sub-images (bottom) and ground truth depth maps
(top) for each sample. (b–d) Estimated depth maps (top) and corresponding absolute error maps (bottom) |destimate − dgt | by state-of-the-art algorithms and our proposed
algorithm for each sample.

algorithm deﬁnitely outperforms state-of-the-art algorithms with
highest accuracies on smooth surfaces and disparity discontinuities
for all samples.
4.1.2. Ting-Chun Wang dataset results
In this section, we apply experiments on the synthetic lightﬁeld dataset produced by Wang et al. [11] to test the accuracy and
robustness on disparity discontinuities and occlusions of the proposed algorithm. It consists of ﬁve samples with heavily occluded
regions. The angular resolution is 9 × 9. The spatial resolution of
each sub-aperture image is 800 × 600.
In order to give a comprehensive analysis, Table 3 presents the
MSE quantitative evaluation both on the whole image and the occlusion pixels. The occlusion pixels are computed from the depth
cues not the combined cues according to [11]. Fig. 10 shows the experimental results and absolute error maps on Bedroom, Plant and

Sculptures. Based on the quantitative evaluation and error maps,
Zhang et al. [4] performs very well on Livingroom and Plant. Wang
et al. [11] achieves the best depth map on Sculptures. Furthermore,
Wang et al. [11] outperforms all other algorithms for scenes with
complex and thin occluded boundaries on Bedroom and Plant (see
Fig. 10 the green rectangles). The accuracies of our proposed algorithm are quite higher than other algorithms on Bedroom and
Outdoor, especially for the smooth surfaces in Bedroom (most absolute errors < 0.1).
4.2. Experimental results for real-world scenes
4.2.1. Capture system setup
Outdoor capturing. Under outdoor environment, we try to
make sure the object is on the optimal refocus range and the
background is out-of-focus by Lytro Illum. The depth histogram
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Fig. 11. Experimental results on simple and complicated real-world scenes freely captured by Lytro Illum under outdoor environment (shown both in gray and RGB). (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article).

of the object spans as much the refocus range as it can for the
camera. The rendering enhancement is applied to tackle the continuously changing outdoor illumination and take full advantage
of rays. The light-ﬁeld raw image is stored as a LFR ﬁle with
resolution of 7728 × 5368, and the spatial resolution of each
sub-aperture image is 625 × 434.
Indoor capturing. The indoor capturing setup is made up of
our self-developed light-ﬁeld camera and a TOF camera (Fig. 6(a)).
The valid range of depth for the TOF camera is ﬁxed as 1.0 m–
5.0 m (meters). One point light source is used to provide uniform
illumination for the scene. The light ﬁeld video is stored as a VRAW
ﬁle in 1.2 FPS (frames per second). Each frame is decoded to a light
ﬁeld image that stored as a RAW ﬁle with the resolution of 6664 ×

4454. After decoding and rendering, the spatial resolution of each
sub-aperture image is 729 × 452.
Most of the objects taken in videos are approximately with a
small size 10 cm × 20 cm (centimeters), and captured in a distance longer than 1.0 m. By light-ﬁeld cameras, we can adjust
the ﬁeld-of-view and range of depth to adapt for capturing ﬁne
details of such small objects in a long distance. However, it is
hard to measure depth values of local surface details in the same
long distance through most active 3D imaging devices. For example, the TOF camera (Fig. 6(a)) can only obtain a depth map of
the object without any geometry details but only the silhouette
(Fig. 6(b)).
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Fig. 12. Depth estimation results for a video sequence with complex background (shown both in gray and RGB). (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the web version of this article).

Fig. 13. Depth estimation results for a video sequence with extreme poses (shown both in gray and RGB). (For interpretation of the references to color in this ﬁgure legend,
the reader is referred to the web version of this article).

4.2.2. Outdoor results
To evaluate the effectiveness of rendering enhancement, we
perform experiments on outdoor real-world scenes by Lytro 1.0 in
Tao et al. [5]. Fig. 7 shows the depth estimation results with or
without the proposed rendering enhancement. The depth maps in
Fig. 7(e) are estimated based on the original sub-aperture images
in Fig. 7(a). And depth maps in Fig. 7(f) are based on sub-aperture
images after rendering enhancement in Fig. 7(b). Compared with
Lytro software [34] and Sabater et al. [3], the proposed algorithm
can apparently reconstruct more local geometry details with high
accuracy by performing rendering enhancement.
Fig. 8 presents experimental results for small objects at a distance by Lytro Illum. The object is set at the distance 1.5 m (meters) to the camera, and the focal length of the camera is set at the
range of 180–250 mm (millimeters). The proposed algorithm recovers much more local surface details with plenty of depth levels
representing geometry structures than state-of-the-art algorithms
(Fig. 8(e)). However, the depth levels on the object surface are
too few that there are biases and artifacts on the textureless regions and disparity discontinuities by other algorithms. To eval-

uate the robustness and effectiveness of the proposed algorithm,
Fig. 11 shows more experimental results on outdoor light ﬁeld images freely captured by Lytro Illum.
4.2.3. Indoor results
We take videos to record moving and rotating objects by our
self-developed light-ﬁeld camera under the indoor lighting system.
Because of the low frame rate, some frames extracted from each
video are so blurred that it is diﬃcult to recover high quality
depth maps. Therefore, we choose the in-focus frames as our input
data manually. We show the depth estimation results for light ﬁeld
videos with complex background (Fig. 12), extreme poses (Fig. 13)
and double objects (Fig. 14).
A great knowledge of rays propagation in the temporal and spatial domain are realized by the light ﬁelds recording ability, such as
the lighting changes of the environment, the depth estimation algorithm with response to the temporal light ﬁelds, etc. It is also
a great improvement for fusing light-ﬁeld imaging and classical
multi-view methods for the applications in panorama imaging and
3D reconstruction.
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Fig. 14. Depth estimation results for a video sequence with double objects (shown both in gray and RGB). (For interpretation of the references to color in this ﬁgure legend,
the reader is referred to the web version of this article).

5. Conclusion
In this paper, we present a complete light-ﬁeld processing
procedure that recovers high quality depth maps using a lenslet
light-ﬁeld camera under indoor and outdoor illumination. We
discuss the capturing, decoding, rendering enhancement and
depth estimation from light-ﬁeld images and videos. The novel
sub-aperture image pair selection and stereo matching algorithm
are introduced by exploiting the horizontal epipolar geometry
of 4D light ﬁelds. Disparity reﬁnement is applied for recovering
high quality surface details and handling disparity discontinuities.
Both commercial and self-developed light-ﬁeld cameras are used
to capture real-world scenes with various lighting conditions and
poses. The accuracy and robustness of the proposed algorithm
are evaluated both on synthetic light-ﬁeld datasets and real-world
scenes by comparing with state-of-the-art algorithms. The experimental results show that high quality depth maps are recovered
with smooth surfaces and accurate geometry structures.
Although high quality depth maps can be reconstructed by the
proposed algorithm, there are still some limitations to deal with
in the future. Stereo matching generally performs well on scenes
with strongly-textured Lambertian surfaces under uniform lighting. Not only the lighting is varying at any time, but also occlusions, shadows and specular reﬂections are totally inevitable in
real-world scenes. The proposed algorithm cannot accurately reconstruct depth values on specular and textureless regions. The
movement of objects is out of synchronization with the frame rate
of our self-developed light-ﬁeld camera. We will carry out more research works on the advanced light-ﬁeld camera designing and the
depth estimation algorithm with high robustness and eﬃciency.
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