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Abstract. Light ﬁeld camera captures abundant and dense angular
samplings in a single shot. The surface camera (SCam) model is an
image gathering angular sample rays passing through a 3D point. By
analyzing the statistics of SCam, a consistency-depth measurement is
evaluated for depth estimation. However, local depth estimation still has
limitations. A global method with pixel-wise plane label is presented in
this paper. Plane model inference at each pixel not only recovers depth
but also local geometry of scene, which is suitable for light ﬁelds with
ﬂoating disparities and continuous view variation. The 2nd order surface smoothness is enforced to allow local curvature surfaces. We use a
random strategy to generate candidate plane parameters and reﬁne the
plane labels to avoid falling in local minima. We cast the selection of
deﬁned labels as fusion move with sequential proposals. The proposals
are elaborately constructed to satisfy sub-modular condition with 2nd
order smoothness regularizer, so that the minimization can be eﬃciently
solved by graph cuts (GC). Our method is evaluated on public light ﬁeld
datasets and achieves the state-of-the-art accuracy.

1

Introduction

Light ﬁeld camera captures not only the intensity but also the direction of rays
in a 3D space, thus light ﬁeld data contains geometry structure information and
reﬂectance properties of scene. The information of light ﬁelds plays an essential
role for many applications in image rendering and computational photography.
However, recovering the implicit geometry information involving depth estimation from light ﬁelds still remains a challenging problem.
Traditional depth recovery approaches, known as stereo matching, extracting disparities by ﬁnding correspondence from binocular or multi-view cameras.
Light ﬁeld camera like moving camera on gantry [1] or camera array [2] is no
diﬀerence from multi-view cameras. But from the perspective of rays, as the view
number ascends, the statistical property on angular sampling of light ﬁelds is
becoming remarkable. The commercial light ﬁeld camera such as Lytro [3] and
Raytrix [4] is capable of capturing a few hundred of views. That dense angular
sampling produces special structure of light ﬁelds involving depth cues more than
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disparities, such as defocus and Epipolar plane images (EPIs) [5]. These structure and depth cues beneﬁt light ﬁeld methods outperforming stereo matching
on depth estimation.
There has been a lot of work studied on EPI based depth estimation
approaches, but most work is local in nature, global method which is widespread in stereo matching, is seldom involved in depth estimation for light ﬁeld
camera for two reasons: First, light ﬁeld camera has many views so that the
computational cost of global method would be too heavy. Second, EPIs separate
neighboring pixels into slices with horizontal or vertical direction, so that patchwise smoothness regularizer is hardly enforced. In this paper, we consider the
views in one shot by back projecting rays passing through the same 3D point
to view plane into an image called surface camera (SCam) [6]. We analyze the
statistics of SCam and partition pixels of SCam into on-surface and oﬀ-surface
parts. Then we build a cost function with on-surface part for every possible
SCam, and encode it in a global optimization framework.
Markov random ﬁeld (MRF) model [7] is widely used in global method, for its
applicable with various energy functions. The optimal solution forms an assignment with multi-label. However, light ﬁelds have continuous view variation and
narrow disparity range, then using discrete disparity label in MRF would cause
‘stair-case’ eﬀect. For acquiring accurate depth estimation, labels with ﬂoating
value disparity in continuous variation space should be assigned to each pixel.
In this paper, we combine the depth cue of surface camera and scene geometry
prior. Under the assumption that natural scenes are consisted of locally planar
structures, each pixel is assigned a 3D label represented by a plane parameter,
and 2nd order smooth regularizer is enforced in the global optimization. The
data cost based on analysis of SCam is presented in Sect. 3. The global optimization procedure is described in Sect. 4. Experimental results are presented in
Sect. 5.

2
2.1

Related Work
Depth from Light Fields

Light ﬁeld is the concept of acquiring the entire information about light emitted
by a scene, including every 3D point, ray direction, wavelength and time, so called
7D plenoptic function [8,9]. A 4D light ﬁeld [1] or Lumigraph [10] reduced the
dimensionality of plenoptic function to 4D. Under the two plane parametrization
[1], each ray is determined with a 4D coordinates by intersecting with two parallel
plane. Thus, a light ﬁeld is denoted as L(x, y, s, t). (s, t) can be seen as the index
of sub views, and (x, y) denotes the coordinates of each view.
Bolles et al. [5] ﬁrst used EPIs to reconstruct 3D geometry by detecting edges,
peaks and troughs with line ﬁtting in the EPI. Criminisi et al. [11] proposed an
iterative procedure to segment EPI lines into EPI-tubes representing diﬀerent
depth layers, EPI lines are detected by shearing and analyzing photo-consistency
in vertical direction. Wanner et al. [12] employed a structure tensor to produce an
orientation estimation at each pixel on EPI and coherence of structure tensor to
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measure the conﬁdence level for every estimation. Their method can give a local
depth estimation at every pixel on the EPIs. However, the local estimation suﬀer
from several limitations, such as noises, occlusion, depth discontinuous area,
texture-less and specular areas. They proposed a global integration to combine
the local estimation on vertical EPI and horizontal EPI of the same point. Thus,
by estimating a depth map at a given view (s∗ , t∗ ), only the EPIs on a “cross
line” of ﬁxing s∗ and t∗ are considered. Tosic et al. [13] transformed the EPIs
onto a scale-depth space to detect a local minima, but still only the cross-hair
views are used. Kim et al. [14] extracted EPI edge to estimate the depth and take
a consistency measure of the line on EPI as reliability. It is still a local method
but they use a ﬁne to coarse process propagating depth estimation with high
reliability to smoothen outliers. All above work does not involve global method
with patch-wise smoothness regularization. There are some methods using global
optimization with the cost function similar to traditional stereo matching.
Tao et al. [15] proposed an approach combining defocus cue and correspondence as cost function. But the global regularizer they enforced is front-parallel
plane assumption, which causes the results with severe ‘stair-case’ eﬀect. Chen
et al. [16] presented a new depth cue on SCam. Every point at a given depth
is projected onto all the sub-view image, and the projected pixels consist of an
angular sample image called surface camera. They proposed a bilateral metric to
estimate the probability of pixel to be occluded. The statistical property is apparently eﬀective only for light ﬁeld with large numbers of densely sampled views.
Wang et al. [17] proposed a diﬀerent occlusion predicting model on SCam. They
found that the occlusion is related with edge on spatial image patch. Based on
the predictor, un-occluded pixels are selected and consistency and defocus cost
is obtained. They used MRF model to enforce neighbor patch smoothness, but
still using front-parallel plane prior.
2.2

Global Optimization in Stereo Matching

It seeks a soft label assignment to each pixel in global optimization. A global
energy function to minimize is accumulated of all pixels deﬁned on label space.
The label costs usually consist of a data term and a smooth term. The smooth
term is mostly deﬁned on a 2D MRF model, which enforce the smoothness on
nearest neighbor pixels. The energy minimization problem can be solved using
various methods, such as graph cut (GC) [18–20], belief propagation (BP) [21].
The computational cost of global optimization depends on the size of label
space and resolution of images. The label space generally consist of limited discrete labels. The intuitive way is taking discrete depth value as label, which
implicitly assumes that the neighboring pixels should lay on the same depth slice,
also called frontal parallel plane assumption. It is common used in global stereo
matching methods because it can be eﬃciently solved by standard graph cuts.
However, the parallel plane assumption would cause ‘stair-case’ eﬀect on depth
map when the neighboring pixels lay on a slanted plane or continuous surface.
Recently, 3D labels are used by assigning a local 3D plane d = ap x + bp y + cp to
each pixel. It can not be directly optimized because the label space (a, b, c) ∈ R3
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is nearly inﬁnite and hard to discretize. Segmentation based methods [22] generate plane candidates by plane ﬁtting on each segment according to a roughly
depth estimation by SFM (structure from motion). Ladicky et al. [23] proposed
an iterative manner jointly optimize object-level segmentation and depth estimation. Segmentation based method can only reconstruct piecewise planar geometry structure and segmentation itself is a diﬃcult problem in computer vision.
[24,25] adopted pixel-wise plane labels which could enforce 2nd order surface
smoothness. They also need an external method to get a rough depth map for
plane ﬁtting. [24] ﬁtted plane on various segments sets with various segmentation
algorithm and parameters. [25] generated plane candidates at a random chosen
pixel and its neighboring patch. The energy minimization problem is solved
by QPBO-GC [26], which is less eﬃcient than standard-GC, since the smooth
terms on their plane label no longer satisﬁes the sub-modular condition. Other
work use PatchMatch [27] to infer 3D planes at each pixel, and propagation
planes from pixel to pixel in sequential way. In work [27], PMBP [28] is used for
MRF optimization. Taniai et al. [29] introduced the spatial propagation in GC
optimization, called locally shared labels, also used in this paper. GC is more
eﬃcient since GC update the labels of all nodes in MRF in a global way, not
sequentially like PM and BP.
In this work, we enforce 2nd order surface smoothness for light ﬁeld depth estimation. We build the data term from depth cue of SCam based on Chen et al.’s
analysis [16] but with two revisions, including that the central pixel value of Scam
is substituted by mean value which is robust to noises according to [17] and we
revised the probability function to be more suitable for general situation than
just occlusion model. The main contribution of this paper is that we impose a
pixel-wise geometry inference by assigning random plane labels in global energy
minimization framework. The smooth term is similar to Olsson et al. [25], but the
optimization procedure is much simpliﬁed. The key improvement is the generation
of proposals. The proposal scheme of [25] is more related to Woodford et al. [24].
They generated proposals by ﬁtting local planes using RANSAC. So They need
an initial depth map which should be obtained by a fast local stereo matching
method. We don’t ﬁt any plane but generate all the plane parameters randomly,
then we need no initialization by external method. And because of the design of
proposals, our algorithm could use standard-GC which has faster convergency rate
than QPBO-GC used in [25].

3
3.1

Surface Camera
Surface Camera Construction

Under the 2PP light ﬁeld, we describe how to construct a surface camera. Our
analysis is all based on reference view (sr , tr ), e.g., the central camera of the
light ﬁeld. Suppose p is a pixel in image I(sr ,tr ) with coordinates (xp , yp ). Along
the ray [xp , yp , sr , tr ], suppose there is a 3D space point pd denoted as (p, d),
where d is depth value as distance from camera plane, (p, d) means a space
point projected at pixel p on reference image I(sr ,tr ) with depth d. We project a
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ray from every camera (s, t) passing through pd to sensor plane at [x(s, t), y(s, t)].
Then we collect every angular sample I(s,t) [x(s, t), y(s, t)] of pd from all cameras
and organize them as an st image with resolution equal to the number of cameras.
The image is called a surface camera (SCam) or surface light ﬁeld at pd , denoted
as Apd .
The pixel [x(s, t), y(s, t)] could be ﬂoating value in practice, then we use
bilateral interpolation to construct the SCam.
3.2

Consistency Cost of SCam

Actually, when pd is a scene point, all pixels of SCam would be the correspondence
point of pixel p. According to photo-consistency assumption in stereo matching,
the variance or other consistency measure of the pixels in SCam should give the
lowest value among all possible d. If we construct the cost function by computing
consistency measure involving all pixels in SCam, there would be no diﬀerence
with a traditional stereo matching method. In fact, SCam shows view dependent
property due to many limitations, such as noises, occlusion and non-Lambertian
surfaces. But in most situation, only part of views are aﬀected by those limitations.
It is to say, SCam shows statistically clustering-consistency. We assume at least
half of rays can be correctly projected to pd . Let Ωpvd be the set of rays that could
reach pd , then the consistency measure on SCam is deﬁned as

1
C(p, d) = v
ρ(Apd (s, t) − Āpd ),
(1)
|Ωpd |
v
(s,t)∈Ωp

d
x2

where |Ω| is the size of set Ω and ρ(x) = 1 − e− 2σ2 is a distance function, where
σ is a predeﬁned parameter to control the sensitivity of the function to large
distances. Āpd is the mean of the SCam Apd , in this paper, we use a MeanShift
to obtain Āpd .
We adopt a consistency metric PApd to estimate the probability choosing
which pixel in Apd into Ωpvd .
−

PApd (s, t) = e

(Ap (s,t)−Āp )2
d
d
2
2σc

,

(2)

Then we choose at least half of the views with the highest probability in Ωpvd by
sorting PApd (s, t) of all pixels in Apd
Ωpvd = {(s, t)|PApd (s, t) ≥ min(PT hresh , PANpv )},

(3)

d

where PT hresh is a predeﬁned threshold and PANpv is the Nv -th highest probability
d
PApd (s, t) among all pixels in Apd .
C(p, d) gives the consistency cost for pixel p at given depth d. We compute
C(p, d) at all possible d to obtain a consistency-depth proﬁle, then a local depth
estimation is chosen at the lowest value on the proﬁle for each pixel. But the
local estimation is not conﬁdent at many pixels especially in textureless region.
So we need global method to optimize the result.
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Global Optimization
Energy Function

This section describes the denotation of the energy function we are about to
minimize. To build an MRF model suitable for solving by GC, we construct a
graph with every pixel of reference view image p ∈ (P ⊂ Z2 )as the nodes. The
energy function is about the label space. Each node is assigned a depth label in
label space fp ∈ (S ⊂ R), then a dense depth-map or a conﬁguration of depth
label f : P → S is obtained. The goal of optimization is to seek an optimal
conﬁguration to minimize the energy function as
 

Up (fp ) + λ
Vpq (fp , fq ),
(4)
E(f ) =
p∈P

p∈P q∈N (p)

where the ﬁrst term is called data cost, Up (fp ) represent the cost of pixel p to
be assigned the label fp . The second term is smooth term. Vpq deﬁnes a pairwise
cost of pixel (p, q) to have labels (fp , fq ). q ∈ N (p) is the neighboring pixel of p.
λ control the weight between data cost and smooth cost.
Data Term. In this paper, a depth label fp represents a 3D plane parameters
{ap , bp , cp } ∈ (S ⊂ R3 ), and a pixel q with coordinates (xq , yq ) belonging to the
plane would have depth value dq (fp ) = ap xq + bp yq + cp . We already have the
consistency cost C(p, d) for each pixel p of reference view image at any ﬂoating
depth value d discussed in Sect. 3. For scene geometry inference, the data cost U
of pixel p should be measured by accumulating the cost of pixels within a large
patch Wp at the same label assumption fp

ωpq C(q, dq (fp )),
(5)
Up (fp ) =
q∈Wp (R)

where the patch Wp (R) is centered at p with radius R. ωpq is the adaptive patch
weight to measure the coherence of pixel p and its neighboring pixels according
to their color intensity, deﬁned as
ωpq = e−I(p)−I(q)1/γ ,

(6)

where γ is a predeﬁned parameter.
Smooth Term. The smooth term is a curvature-based, second-order smooth
regularization term [25] deﬁned as
Vpq (fp , fq ) = max(ωpq , ε)min(V̄pq (fp , fq ), τdis ),

(7)

where ωpq weights the coherence of neighboring pixels deﬁned as equation, for
discontinuity preserving, neighboring pixels with similar color intensity should
probably lay on the same smooth surface. ε is a lower bound to increase the
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Fig. 1. Geometric interpretation of second order surface smoothness penalty

robustness of algorithm. V̄pq (fp , fq ) penalizes pixels pair (p, q) when they have
diﬀerent labels (fp , fq ) deﬁned as
V̄pq (fp , fq ) = |dp (fp ) − dp (fq )| + |dq (fq ) − dq (fp )|,

(8)

as shown in Fig. 1, fp , fq are two plane assumptions at pixel p, q, when p, q
are on the same plane, V̄pq (fp , fq ) = 0; the closer of depth value of p, q, and
the smaller variation of the normals of fp , fq , the lower penalty the term gives.
Thus the smooth term encourage a local smooth curvature. The smooth term
should satisfy the sub-modular condition that the optimization could be solved
by standard GC, which would be discussed in next section.
4.2

Energy Minimization

Graph cuts method solves a binary minimization problem as

 
Up (xp ) + λ
Vpq (xp , xq ),
minn E(x) =
x∈L

p∈P

(9)

p∈P q∈N (p)

with label set L = {0, 1}, and the smooth term Vpq should satisfy the submodular condition
V (0, 0) + V (1, 1) ≤ V (0, 1) + V (1, 0),

(10)

α-expansion [19] extends label set to multi-label. While at each expansion move,
it is still a binary selection problem by choosing the label changed to label α ∈ L
or not. Lempitsky et al. [30] proposed a method called fusion move to minimize
(9) when the label space is in a continuous space L ∈ R. At each move, given
two conﬁgurations f0 : xp = x0 and f1 : xp = x1 , by solving
min E(z · x1 + (1 − z) · x0 ),

z∈{0,1}n

(11)
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the two conﬁgurations are fused. Apparently, α expansion is a special case of
fusion move. The result in [26] proved
E(z · x1 + (1 − z) · x0 ) ≤ min(E(x0 ), E(x1 )),

(12)

then, in the optimization process, f0 is seen as current conﬁguration, and f1
as a proposal, therefore the energy can be reduced iteratively by fusing current
conﬁguration and diﬀerent proposals until convergency. The key step is how
the proposal is generated from the label space and guarantees the sub-modular
condition is satisﬁed on each proposal.
Random Plane Generation. Firstly, we generate the label space L ⊂ R3 .
Since the parameter space is 3D and continuous, it is impossible to enumerate
or even discretize the whole space into limited sampling. We adopt a random
strategy to generate plane parameters samplings, and reﬁne them in each iteration step. To get suﬃciently large number of samplings but avoid too many
combinations of labels for proposal generating, we generate a label set including a few random plane parameters for each pixel respectively, and neighboring
pixels could propagate their label set to each other.
Suppose the label set for each pixel p has K labels, as Lp =
(0) (1)
(K−1)
(i)
(i)
{lp , lp , ..., lp
}, lp = (a, b, c)T ∈ S. Every label lp for pixel p is generated
in this way: ﬁrst give a random depth value z0 in a reasonable depth range,
then generate a random unit vector n = (nx , ny , nz )T as the normal direction of
plane, thus the plane parameter can be obtained according to the coordinates
(xp , yp )T of pixel p
ap = −nx /nz , bp = −ny /nz , cp = (nx xp + ny yp + nz z0 )/nz ,

(13)

To propagate pixels’ labels in a larger region for enforcing big scale smoothness and speeding up convergency of algorithm, we also adopt a region label set
which is shared for all the pixels in the region. We divide the image into regular grids, then each region has a 2D coordinates and neighboring regions just
like pixels. Suppose for each region R, the region label set LR has KR labels.
Region label set is constructed by randomly choosing KR pixels in region R, and
randomly taking one label of each pixel’s label set.
Every pixel or region could propagate their label set to neighboring pixels or
regions. Thus for a pixel p in region Rp , the pixel could be assigned a candidate
label from actually the union of label sets of all the neighboring pixels of p and
neighboring regions of Rp


Cp = {
Lq } ∪ {
LR },
(14)
q∈Np

R∈NRp
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Fig. 2. The image is partitioned into regions with 4 × 4 pixels, indexed by 0 ∼ 15, and
label is propagated to 3 × 3 neighboring pixels in a proposal, left a pixel-width area
unlabeled to ensure sub-modularity.

where Np represents the 3 × 3 patch centered at p, and NRp represents the 3 × 3
neighboring regions union around region Rp , as shown in Fig. 2. The optimal
label for pixel p would be obtained from Cp during the optimization.
Proposals Generation. This section describes how the proposals are generated
and the proof of smooth term’s sub-modularity on the proposals. The proposal
is a conﬁguration that each pixel is assigned a label from candidate label set Cp .
We generate a serial proposals {f (0) , f (1) , ..., f (n−1) } and sequentially fuse them
with the current conﬁguration.
The proposals generation is as follow. To simplify the statement, we only
describe the proposals generated from pixel label sets. We divide the image into
regions with 4 × 4 pixels. Pixels in a region are indexed by 0 ∼ 15. Take the
(K )
label li i from label set of the pixel with index i in every region, and propagate
the label to 3 × 3 neighboring pixels at pixel i. So the proposal f (i×K+Ki ) is
constructed. There would be 16 × K proposals in a serial only from pixel label
sets. As shown in Fig. 2. At each proposal, all the pixels in a 3 × 3 area share one
label. There are blank areas with one pixel width between red areas. Pixels in
blank area are not assigned label in a proposal. Those unlabeled pixels are set to
invalid label and given ∞ in cost function, that could guarantee the sub-modular
condition of smooth term is satisﬁed. Let us specify the discussion: Suppose
xp , xq represent the labels of neighboring pixels p, q in current conﬁguration
f , αp , αq represent the labels in proposal fα . If both p, q are in the shared
area, then they share the same label α in fα . V (α, α) = 0, it is easy to prove
V (xp , xq ) ≤ V (xp , α) + V (α, xq ); If p is in shared area, and q is in blank area,
then q is unlabeled in fα , smooth term becomes unary function about p vice
versa; If both p, q are in blank area, smooth term becomes a constant. From
the above discussion can be inferred the usage of the blank area, if there is no
blank area, in other word, all shared area is closer next to each other, then when
neighboring pixels p, q are on two shared areas with diﬀerent labels in a proposal,
V (αp , αq ) could be any value, thus the condition (10) might be violated.
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The proposals from region label sets are generated using similar method, just
seeing each region as a pixel. All pixels in the region share the same region label
in a proposal.
Plane Label Refinement. When all proposals have been fused, the label sets
is reﬁned by adding random perturbation to the labels in previous iteration.
For a label lp of pixel p, the perturbation is generated by the similar way as
pixel label set generation. First, random perturbation on depth value Δd ∈
[−rd , rd ] and unit vector Δn are generated. Then, we obtain d¯p = dp + Δd
and n̄ = n + rn Δn. Thus, the perturbated label l¯p could be calculated by (13).
Where, rd = (max depth − min depth)/2, rn = 1 in the ﬁrst iteration, afterwards
rd ← rd /2, rn ← rn /2 in next iteration. We add perturbation to all labels of the
candidate label set Cp to get C¯p . Then we choose the best K − 1 labels from C¯p
to have the lowest local energy as follow at pixel p

(t)
E(s) = Up (s) +
(15)
q ∈ N (p)Vp q(s, fq ),
(t)
adding label fp , we construct K labels of reﬁned pixel label set L¯p , where
(t)
(t)
fp , fq represent the label of p, q in current conﬁguration. Reﬁned region label
set L¯R is constructed by randomly choosing KR pixels in region R, and taking
the current label of each pixel. Then the new proposals could be generated from
the reﬁned label set and starting next cycle of fusion moves.
The whole procedure of the algorithm is as follow.

Algorithm 1. Global optimization procedure with random plane labels
Randomly generate pixel label sets{Lp } and region label set {LR }
(t)
Initialize the current conﬁguration {fp }
(0)
repeat
Generate proposals {f , f (1) , ..., f (n−1) }
for each i ∈ (1, n − 1)
(t)
(i)
Solve f ∗ = arg minz∈{0,1} E(z · fp + (1 − z) · fp )
(t)
∗
Update fp = f
end for
Reﬁne {Lp }{LR }
until if convergency

5

Experimental Results

We verify our algorithm on the synthetic scenes of HCI datasets [31].
Setting. All the predeﬁned parameters of our algorithm in the experiments are
set as follow. In consistency cost of SCam, the parameters are {σ = 1.0, σc =
3.0, PT hresh = 0.5}. In energy function, data cost is set by accumulating consistency cost of 41 × 41 pixels in a large patch Wp with radius R = 20, weight
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between data cost and smooth cost is set λ = 100. The other parameters are set
as {γ = 10, ε = 0.01, τdis = 1.0}. For the label sets, all the size K of pixel label
set and KR of region label set are set as 2. We use 3 scales of region label set
with 5 × 5, 25 × 25 and 100 × 100 pixels in each region.
Experiments on HCI. HCI contains 7 synthetic scenes. Each scene has 9 × 9
views with resolution of 768 × 768 pixels in each view. The depth map is only
recovered for the centered view. In our algorithm, we take 10 iterations for each
scene.
Figure 3 shows the results of every iteration in the optimization process. It
demonstrates the advantage of our method using standard graph cut for two
aspects: we start from a random depth initialization without any external constraints on our 3D plane labels, but the convergence is very fast. Only after 3
times iterations, the result is nearly close to the optimal one.
Surface Geometry Inference. Our method estimates a plane model at each
pixel. The experimental results contain geometry information with plane parameters and normal direction at each pixel. Figure 4 shows the reconstructed point

Fig. 3. Depth results in the optimization process, showing disparity and 0.1-pixel error
maps.

Fig. 4. Reconstructed point cloud of ‘StillLife’
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cloud of scene ‘StillLife’. The normal direction is allowed changing smoothly in our
algorithm so that continuous curvature surfaces can be reconstructed correctly.
Depth Results Comparison with State-of-Art Methods. To evaluate the
performance of the proposed method, we compare depth estimation results with
some state-of-the-art algorithms, including Wanner et al. [12], Yu et al. [32] and
Wang et al. [17].

Fig. 5. Depth estimation results comparison
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Fig. 6. Depth estimation results comparison

Figures 5 and 6 show results comparison using diﬀerent methods on four synthetic scenes (‘Buddha2’, ‘Medieval’, ‘Mona’ and ‘StillLife’ from top to bottom)
with ground truth disparity maps. Wanner et al. [12] is robust at local depth
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Table 1. Depth RMSE on HCI datasets.

Scene

Ours

Wanner et al. [12] Yu et al. [32] Chen et al. [16] Wang et al. [17]

Buddha

0.1086

0.079

0.134

0.057

0.095

Buddha2 0.0787 0.094

0.179

0.139

0.107

Horses

0.163

0.188

0.122

0.140

Medieval 0.1060 0.111

0.2054

0.144

0.129

0.115

Mona

0.0712 0.096

0.119

0.077

0.089

StillLife

0.1111 0.184

0.150

0.113

0.212

Papillon 0.0856 0.158

0.406

0.108

0.125

estimation, but it is hard to support MRF model. Their global consistency label
makes the result a little over-smooth, but still well infers a sketchy geometry
structure. Wang et al. [17] is the current state-of-art, which give better results in
detail, especially on the occlusion boundaries. Yu et al. [32] used a line-assisted
stereo matching method for light ﬁelds. But their results suﬀer from a severe
‘stair-case’ eﬀect. Our result has a best balance between the smoothness and
detail. Our method is very good at large area with strong geometry information,
e.g., all the ﬂoor in the scenes and the curvature surfaces in ‘StillLife’ are best
reconstructed. But we have to say that our results are not good enough at depth
discontinuities or boundaries, especially those with tiny local structures. Furthermore, we quantitatively evaluated our algorithm by computing root-mean-square
error (RMSE) of disparity with ground truth. RMSE comparison with state-ofart algorithms is shown in Table 1, which veriﬁes that our method outperforms
others in most scenes.

6

Discussion and Future Work

We propose a global method to optimize depth estimation on analysis of surface
camera of light ﬁelds. The data cost is based on consistency measure by partial
selection of pixels in surface camera. The selection strategy chooses closest pixels
on consistency metric which is robust to occlusion. In global optimization, pixelwise 3D plane label helps the algorithm recover not only depth-map, but also
normal direction at each pixel. The scene geometry structure is prominent for
many applications and the geometric compatibilities could also be used in other
inference frameworks. In future, the non-Lambertian’s statistical properties in
surface camera and how those properties beneﬁt the depth recovery for complex
surfaces should be considered.
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