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Seeing beyond foreground occlusion:
A joint framework for SAP based scene depth
and appearance reconstruction
Zhaolin Xiao*, Lipeng Si, and Guoqing Zhou
Abstract—Foreground occlusion is a significant challenge in 3D reconstruction. In this paper, we first characterize the differences
between multiview reconstruction with and without foreground occlusion. In order to reconstruct target scene, we attempt to see
through the foreground occlusion using synthetic aperture photography. Different from existing methods, we propose a more
generalized model for scene reconstruction, in which the target scene may not be fully observed by any of reference view. Assuming
both scene depth and appearance are unknown, we reconstruct 3D scene from camera array data by selecting optimal views with pixel
based clustering. Then, we propose an iterative reconstruction approach in global optimization framework, in which we refine the
reconstruction results by applying a coarse-to-fine strategy. Even when all views are partially occluded, our approach can recover
accurate depth map as well as scene appearance using camera array data. Experimental results have indicated that the proposed
approach is more robust to foreground occlusions and outperforms state-of-the-art approaches.
Index Terms—Scene reconstruction, Occlusion handling, Depth recovery, Synthetic aperture photography, Camera array, Light field
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I NTRODUCTION

In everyday environments, human beings can rapidly recognize
a specific object with our vision system, even when the object is
partially occluded. Evidence from neurosciences in humans and
human-like animals suggests that this kind of occlusion handling
ability involves extra-striate visual cortex, which is described
as a retinotopic homologue of ventral V4 area in human brain
[1]. Moreover, a posterior parietal cortex may be involved in
processing occlusions. From fMRI observation data, researchers
proved posterior parietal cortex is not only sensitive to spatial
occlusions, but also sensitive to temporal occlusions[2]. This
means that, when inferring an occluded object, human brain is
seeking more spatiotemporal information than a pair of binocular
images. Unfortunately, expressing the occlusion handling ability
in a mathematical way is still beyond the confines of human
knowledge.
With rapid advances in computer hardware and visualization
systems, computer vision is creeping into nearly every corner of
science. Reconstructing three dimension geometry and photometry
of real world scene from two or more images remains a difficult
problem in computer vision. Due to the complexity of nature
world, scene reconstruction can mainly be deteriorated by depth
discontinuities, textureless regions, noises and occlusions [3], [4].
In this paper, we focus on the occlusion-handling problem in
image based scene reconstruction, especially for the foreground
occlusion cases, as shown in Figure. 1(a).
Anti-occlusion scene depth estimation is one of the greatest
challenges in binocular stereo and multiview stereo (MVS). One
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Fig. 1: Reconstructing scene behind foreground occlusion. (a) A
scene with complex foreground occlusion. (b) Reconstructed depth
map. (c) Recovered appearance.
straightforward method is applying cross-checking using uniqueness constraint [5], which can detect the occluded image region
efficiently. Zitnick et al. [6] proposed an iterative algorithm to estimate the occlusion in a 3D array, which also used the uniqueness
constraint. Geiger et al. [7] suggested a monotonicity constraint
to keep the ordering of matching pixels. To handle occlusion for
more general scenes, Sun et al. [8] proposed a symmetric stereo
model by using visibility constraint. Since the valid matching is
not guaranteed for each pixel in binocular stereo, traditional stereo
schemes tend to introduce holes in the result [9]. One solution is to
detect and model the occlusion explicitly, as suggested in [8], [10],
[11]. Another solution is to perform global optimization to smooth
the results reasonably, such as graph-cuts [12], [13], [14], belief
propagation [15], [16], [17] and dynamic programming [18], [19],
[20]. To further explore the performance of these methods, we
recommend to refer [21], which compares different anti-occlusion
algorithms in a systematic way. It is worthwhile to note that,
an involuntary assumption is implicitly shared in previous work.
There is always a reference image or view, in which the target
scene is completely visible. For simplicity, we call the existence
assumption of a occlusion free reference image as the referenceexistence-condition (REC) assumption in this paper. Since the
objects may frequently overlap each other, the REC assumption
will hardly be satisfied even in moderately complicated scenes.
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Fig. 2: An overview of the proposed approach.
For example, seeing a yard through fences, our visual system can
easily filter out the occlusion from the target scene. To solving
this spatial coherence between occlusion and target, we would
prefer to slightly switch our view point rather than to stare the
target with a static view. To carefully review this process, the REC
assumption is apparently failured in this visual task, but our brain
can also reconstruct the target scene with proper spatiotemporal
information.
But so far, little research has been involved in explicitly modeling scene reconstruction when the REC assumption is violated.
In this paper, we propose a novel iterative approach based on
camera array data, which can estimate both depth and appearance
of a scene behind significant foreground occlusions, as shown in
Fig. 1(b) and (c). We shows an overview of the proposed approach
in Fig. 2. The major contributions of the paper include,
•

•

2

We characterize the differences between scene reconstruction with and without foreground occlusion, which leads
to a more general reconstruction model.
We propose an iterative reconstruction approach in global
optimization framework, which recovers both scene depth
and appearance.

R ELATED WORK

Supposing the foreground occlusion existing in all views, e.g.
in Fig. 1(a), the occlusion can hardly be separated or modelled
explicitly, so that the ideal REC is not satisfied in this case.
To handle occlusion problem, researchers tend to obtain more
spatiotemporal information, which is similar to what human brain
does.
A straight forward solution is to apply pixel-wise or patch-wise
image inpainting [22], [23], which can refill the target region with
a visually plausible approximation of image content. But image
inpainting technique always need the region mask of occlusion as a
prior, that is unknown in most of scene reconstruction applications.
Another effective solution is modifying imaging optics and
processing of vision system.In general, any kind of imaging process can be treated as a downsampling of the 7D plenoptic function
[24]. Levoy and Hanrahan [25] suggested that both positional and
angular information of light rays can be parameterized by a pair
of parallelled planes, which is known as the 4D light field. They
had experimentally sampled a time invariant 4D light field by
fixing one camera on a robot gantry. Further, Wilburn et al. [26]
built a camera array system (128 cameras) to sample the time
variant 4D light field. The compact size light field cameras such
as Lytro [27] (the plenoptic 1.0) and Raytrix [28] (the plenoptic
2.0) are now available in the commodity market. Compare to
traditional projective model based imaging technique, the light

field imaging has two major advantages. One advantage is the
interactive image generation ability, such as digital refocusing
[29], viewpoint switching [26], depth of field extending [30]. The
other advantage is the scene reconstruction ability, especially for
scene with occlusion.
In the past decade, researchers have achieved some remarkable
progresses in light field data based scene reconstruction. With variational Bayesian theory, Bishop and Favaro [31] proposed a depth
reconstruction and image super-resolution iteration framework on
the focused light field camera (known as the plenoptic 2.0), e.g.
the Raytrix [28] camera data. Through light field angular signal
analysis, Wanner and Goldluecke [32] proposed an epipolar plane
image (EPI) based depth estimation algorithm. Different from
multiview correspondence, on the EPI image, the slope of the
line is regarded as a scene depth cue. Kim et al. [33] presented a
more smooth reconstruction from high spatio-angular resolution
light fields. Tao et al. [34] combined correspondence, defocus
and shading cues in the 4D light field to reconstruct accurate
scene depth. Jeon et al. [35] introduced a phase shift based subpixel-wise scene reconstruction algorithm, which can accurately
estimate depth map from light field data. Lin et al. [36] further
improved the reconstruction quality by introducing light field focal
stack symmetry. However, the above methods are vulnerable in
presence of heavy foreground occlusion.
To handle occlusion problem, Chen et al. [37] suggested a
novel bilateral metric on light field angular patch, on which the
occlusion view can be inferred by comparing to central view.
Assumming photo consistency remains in angular patch, Wang
et al. [38] separated angular patch into non-occlusion and occlusion parts respectively. Then, they introduce an occlusion aware
regularization algorithm to implement accurate depth estimation.
Williem and Inkyu [39] introduced an angular entropy metric and
adaptive defocus response, which can be used as a robust data cost
for depth estimation of noisy scene. It’s important to notice that
object appearance estimation is another goal for reconstructing
the scene behind foreground occlusion, e.g. in point patterns
classification [40] and multiple view analysis [41]. But in these
work, the REC assumption is implicitly needed and occluded
objects still only exist in non-reference views.
In order to enhance the visibility of imaging system, Levoy
et al. [42] employed a video projector, a camera, and an array of
mirrors to implement the confocal imaging, which can see through
foreground occlusion and scattering medium, such as foliage,
weakly scattering fog, murky water. Vaish et al. [43] presented
an entropy based algorithm on camera array data, which can
reconstruct the occluded surface from a set of partially occluded
images. Do et al. [44] suggested an independent component
analysis and K-means algorithm to apply 3D reconstruction of
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occluded objects. McCloskey [45] suggested a custom aperture
mask for estimating the foreground occluder, so that one can
recover the partially occluded scene with a modification of light
field rendering. Pei et al. [46] suggested to suppress the foreground
occlusion via pixel labeling technique, they first mark foreground
image pixels by solving a binary labeling problem on source
images, and then all the marked pixels are not contributed to
the next traditional synthetic aperture imaging. In this paper, we
characterize a more general model for reconstructing both depth
and appearance of target scene. Different from existing work, our
model can well handle most of partially occluded cases, even when
the REC assumption is untenable.

3

P ROBLEM FORMULATION

With a monocular camera, we can only sample and quantize the
2D luminous intensity distribution on the image sensor plane.
Therefore, the angular information of incidence light rays is unrecoverably lost due to lens converging. By using a binocular stereo
system, we can acquire two different angular samples of a space
point, as shown in Fig. 3(b). Due to the lack of samples, most
of monocular and binocular images based scene reconstruction
algorithms would fail because of significant occlusions. MVS
is naturally more robust than monocular or binocular stereo, as
shown in Fig. 3(c).

Since there is only one variable d in Eqn.(1), a variety of
specific scene priors have been proposed to improve the term
Econs , such as smooth constraint, ordering constraint, uniqueness
constraint and visibility constraint [21]. But, as far as we know,
very little discussion refers to what if the Iref is unknown, or
Iref is deteriorated by some occlusions. Here, we can roughly
categorize the occlusions into three different types, i.e., partial
foreground occlusion, full blocking occlusion and self-occlusion,
as shown in Fig. 4. The major concern of the paper is partial
foreground occlusion handling. Distinct from self-occlusion and
full blocking occlusion cases, target scene under partial foreground
occlusion can be objectively separated by its depth. In partial
foreground occlusion, any parts of target scene can be visible in
some specific views.

Left view

Right view

Left view

Partial foreground occlusion

Right view

Full blocking occlusion

Left view

Right view
Self-occlusion

Fig. 4: An illustration of three different types of occlusions.
To put forward a new theoretical problem, we define the space
of unknowns as S(D, O, Iref ), where D is depth map, O is undetectable partial foreground occlusion, and Iref is the unknown reference image respectively. Then, our new MAP problem becomes
P (I|S)P (S)
to maximize the posterior probability of P (S|I) =
.
P (I)
The likelihood P (I|S) depends on the imaging formation, in the
presence of foreground occlusion. So we model this process as

Ik = Bk (O, d)Hk (d)Iref
(a)

(b)

(c)

Fig. 3: Monocular, binocular and multi-view vision system with
foreground occlusion. (a) Monocular vision system. (b) Binocular
stereo vision system. (c) Multi-view stereo vision system.
Assuming that we estimate the depth map D of a natural scene
from a collection of K view images I = {Ik }. A promising solution is inferring a “best guess” from I , which can be formulated as
a maximum a posteriori (MAP) estimation. Therefore, the depth
estimation becomes maximizing the probability of P (D|I) =
P (I|D)P (D)
by Bayesian law, P (D|I) ∝ P (I|D)P (D). In
P (I)
the Markov network based MVS, the probability maximization
is equivalent to energy minimization, which can be solved by
traditional global optimizations. In general, the energy function
is modeled as,
E = Edata + Econs
(1)
where Edata is the matching cost and Econs is the constraint term,
corresponding to P (I|D) and P (D) respectively.
Under the circumstance of above-mentioned REC, we have
a hypothesis that the target scene is almost completely visible
in the reference view Iref . Suppose that the homography Hk (d)
represents transformation matrix which registers the image Ik into
the coordinate system of reference view. The matching cost Edata
is commonly represented as kHk−1 (d)Ik − Iref k2 , which reflects
the matching consistency of different angular samples traced back
at the given depth d. By temporally simplifying the constraint term
Econs , estimating depth map d∗ can be roughly written as

d∗ = arg min
d

K
P

k=1

kHk−1 (d)Ik − Iref k2

(2)

(3)

where Bk (O, d) is a blocking function depending on the depth
d, occlusion O and the view of camera k . Since usually the
occlusion O is undetectable, it is impractical to estimate Iref from
any Ik directly. Here, to separate foreground occlusion, the only
assumption is that we limit the target scene within a depth range
[da , db ]. For this reason, any scene elements has smaller depth
than da is deemed as foreground occlusion, which corresponds to
O in Eqn. 3. This assumption is similar to forcing the disparity
within a limited range, which is commonly used in some other
papers.
Distinct from Eqn.(2), we put forward a new model for scene
estimation,
∗
i = arg min
hd∗ , Iref
d,Iˆref

K−n
P
k=1

kHk−1 (d)Iˆk − Iˆref k2 × ρ(n)

s.t. da ≤ d ≤ db
(4)
where Iˆk is potentially occlusion-filtered-out view and Iˆk =
Bk−1 (O, d)Ik . Iˆref denotes the occlusion-removed image of the
reference view. Theoretically, our model is more general than traditional one in Eqn.(2), in which only the scene depth is unknown.
Furthermore, we allow to give up n matching candidates at the
cost of ρ(n) in the energy minimization. Once the foreground
occlusion is taken out or may be detected, the blocking function
will be treated as a constant, such that the model in Eqn.(4) is
degraded to traditional one in Eqn.(2).
Please notice that, there are two major differences between
reconstruction with and without foreground occlusion. First, with
foreground occlusion, the ideal reference view Iref in Eqn.(2)
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is unknown, so both scene appearance Iˆref and depth d need
be simultaneously estimated in Eqn.(4). Secondly, unlike Eqn.(2)
model, to reconstruct a specific point, the Eqn.(4) model allow
us to give up some views to suppress the negative effect of
foreground occlusion. In the meantime, all existing constraints can
still be hold in our model, such as uniqueness constraint, smooth
constraint, visibility constraint, etc [5], [47], [21].

4

J OINT ENERGY FUNCTION FOR SCENE DEPTH

points do exists on layer d, there should be a cluster with small inclass distance dts and large number of in-class samples cts , so that
the F (p, d) can be very small. Whereas, a large F (p, d) indicates
lower possibility of the existence of any 3D objective point on layer d. Since we always choose the cluster with maximum number
of samples, it is necessary to employ a consistency threshold T
to guarantee samples originate from a same 3D objective point. In
the paper, we calculate T as the average in-class distance of all
clustering groups, as below.

AND APPEARANCE RECONSTRUCTION

T =

m
1 X 1 X
(
kIk − µi k2 ).
m i=1 cti

(7)

As we mentioned above that O is undetectable, we can not derive
the blocking function Bk (O, d) explicitly. For this reason, Eqn.(4)
cannot be directly used as a matching cost. Recalling that Iˆref is
the occlusion-removed image of the reference view, the different
image blocks of ideal Iˆref will be randomly distributed in those
occluded views, and usually be accompanied by noises or outliers.
On the contrary, in those non-occluded views, we have the fact that
Iˆref = Iref since the blocking function is treated as a constant.
Thus, those observed Iˆk s remain photo consistency at the correct
depth. If we have enough images of non-occluded views, we can
distinguish them from such strong occluded noise. In this case, it
is possible to estimate depth without explicitly modeling occlusion
O.
Similar to volumetric reconstruction, we first divide target
scene space into multiple depth layers. We initialize its constituent
of pixels with synthetic aperture photography (SAP), by which
one can adjust image focal plane after a single exposure on 4D
light field [26]. If we have prior pixelwise depth map, we can
directly integrate different light field angular samples to obtain
scene appearance using Eqn.(5). Unfortunately, since accurate
scene depth D and occlusion dependent I(d) are both unknowns
in the initial stage, we can only apply a preliminary screening
process on light field samples, as shown in Fig. 5.

According to Eqn.4, we suppress the affects of foreground
occlusion by giving up some views, which are more likely to be
randomly distributed in clustering process. To better understand
why the foreground occlusion affects can be suppressed by clustering, we intuitively explain a simple one point case of clustering in
2D sampling space in Fig. 6. A colored target scene around depth
d0 is captured by multiple cameras, which is partially blocked
by some irregular-shaped occlusions. If the depth hypotheses of
target are at different layers, e.g. at depth da , d0 and db . Then,
all corresponding angular samples at each depth are shown on
the left of Fig. 6. At the correct depth d0 , the photo consistency
of non-occluded view samples is still hold, while the occluded
view samples are distributed randomly, because they may originate
from different occlusion points. Whereas, considering the wrong
depth hypotheses, e.g. at depth da , db , the corresponding angular
samples may also appear random distribution, so that matching
cost F (p, di ) will be larger than F (p, d0 ) at the correct depth, as
shown on the right of Fig. 6.
In the paper, we employ the similar smooth constraint and
neighborhood system N as described in [12]. The smooth cost
Vp,q (d(p), d(q)) is defined as

K
1 X −1
I(d) =
Hk (d)Ik
K

where L is a cutoff for the smooth cost. We use L = 10 for
the upper-bound of depth discontinuity in a label space with 100

(5)

k=1

To handle foreground occlusion, Eqn.(4) allows us to pick
up K − n views selectively and minimize the contributions of
the other unexpected occluded n views. Therefore, we propose a
K-means based matching cost which considers both consistency
and the number of involved views. Recalling the overview of
the proposed approach in Fig.2, after acquiring multiple views
of the target scene, we compute the matching cost F (p, d) for
each pixel p at each depth layer d. Unlike existing approaches, we
use a K-means algorithm [48] to pre-select matching candidates.
In the paper, our input of K-means algorithm is a bunch of
RGB image pixels from different angular views. Suppose that
those Ik s are clustered into m groups, we select the group
Cs that includes
most of points, whose in-class distance is
P
dts = ct1s Ik ∈Cs kIk − µs k2 , where cts is the number of points
in Cs and µs is the cluster centroid.

 dts , if dt ≤ T
s
cts
F (p, d) =
(6)

+∞, Otherwise
where T is a consistency threshold. The proposed F (p, d) is
encouraging to assume the cluster centroid µs as the appearance
Iˆref of pixel p at current depth layer d. While a 3D objective

Ik ∈Ci

Vp,q (d(p), d(q)) = ω(p, q, λ) min(L, |d(p) − d(q)|)

(8)

Target

SAP

Clustering

Camera
Plane

Image
Plane

Occlusion

Fig. 5: Separating occlusion from the target by clustering.
Depth
db
db

d0

Target depth
hypotheses

d0

da
da

Fig. 6: Explanation of angular samples distribution on one point
clustering case.
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different labels. Here, the weight function ω(p, q, λ) is slightly
different since we use a weight factor λ to balance the spatial
proximity and color similarity. Most importantly, λ is a variable
in the iteration.
ˆ

ˆ

ω(p, q, λ) = e−kp−qk2 + λe−kIref (p)−Iref (q)k2

(9)

Finally, our energy function of depth reconstruction can be
summarized as

E = Ed data + Ed cons
X
X
=
F (p, d) +
p∈Iref

V{p,q} (d(p), d(q))

(10)

{p,q}∈N

Reconstructing scene depth D and appearance Iref is a
typical “chicken-and-egg” problem. Thus, we need to find out
an approximate but efficient way to solve Eqn.(4). To avoid
explicitly solving Bk (O, d), we obtain the matching cost on a
specific cluster of candidates Cs , which makes a fair chance to
include non-occluded pixels as many as possible. The relationship
between Eqn.(4) andP
(10) is that, we use in-class distance dts as
K−n
an approximation of k=1 kHk−1 (d)Iˆk − Iˆref k2 , at the cost of
ρ(n) = ρ(K − n) = 1/cts . This approximation is reasonable in
most of cases, depending on that, at the correct depth, the pixels
of foreground occlusions are randomly distributed, whereas nonoccluded pixels of the targets are highly clustered, as shown the
case at depth d0 in Fig. 6.
So far, we have discussed on scene depth recovery under
foreground occlusions. Please notice that, the occlusion-removed
image of the reference view Iˆref is not known at this stage. We
are forced to use the clustering centroid of Cs as the reasonable
t
approximation of Iˆref , here we denote as Iˆref
, s represents the
round of iterations. Then, we can apply a pixel-wise selecting
t
Iˆref
(di,j ) according to the above initialized depth estimation.
t
For simplicity, we can directly fill the pixel Iˆref
(di,j ) by using the corresponding pixel of synthetic aperture photography
sequence, which is described in Eqn.(5). But, this straight forward
t
Iˆref
(di,j ) selecting process may be deteriorated by inaccurate
depth estimation pixels, which are general existance in most of 3D
reconstructions. For this reason, we also introduce a global optimization solution to obtain better Iˆref in an iterative framework.
Similar to Eqn.(10), we propose the energy function of appearance
reconstruction as below,

E = Ea data + Ea cons
X
X
=
R(p, l) +
p∈Iref

U{p,q} (l(p), l(q))

(11)

{p,q}∈N

where R(p, l) represents the appearance reconstruction data cost
of point p, and U{p,q} (l(p), l(q)) is corresponding smooth cost.
The data cost R(p, l) is calculated from the color difference
t
between Iˆref
(p) and the possible candidate color intensity grade
l as below.
t
R(p, l) = min(kl − Iˆref
(p)k2 , Tc )

(12)

where Tc is a cut-off threshold, and Tc = 100 through our
experiments. Unlike the smooth term in depth estimation, we use
a Gaussion weight based smooth cost in appearance estimation,
which is similar as the weight function of adaptive supported
window in [49].

Up,q (l(p), l(q)) = 12.5 × e−

(p−q)2
2.0

× min(Lc , |l(p) − l(q)|)
(13)

where we set Lc = 100 for [0, 255] intensity level of 8bit
RGB images. The attentive reader may notice that the energy
minimization results tend to close all-in-focus synthetic aperture
photography by using of the data cost of Eqn.(12). But, the
image contrast of SAP will be greatly decreased by the low
frequency energy of defocused foreground occlusions. By using
the integration process of Eqn.(5), the foreground energy will be
t
. The traditional SAP process include
scattered all over the Iˆref
two major steps, which are summing and then averaging on sample
candidates, please see in Eqn.(5). As intuitively shown in Fig.5,
all angular samples contribute to the SAP result, including both
occluded and non-occluded ones, so that the pixels of foreground
will be averaged into SAP pixels of background targets, which
leads low contrast result. More details about SAP process can
be found in [26] and [29], which conduct light field imaging on
spatial-domain and transform-domain respectively. As shown in
Figure. 1(c), the target scene looks like to be seen through dark
glasses when using traditional SAP algorithm. In order to suppress
the unexpected dark-glasses-artifact, we can use the clustering
t
centroid instead of directly using Iˆref
. In this case, for a point
p, its appearance reconstruction data cost can be rewrite as

R(p, l) = min(kl − µi k2 , Tc )

i ∈ (1, 2, . . . , m)

(14)

where µi represents a possible candidate color from the ith order
clustering centroid.
Now we summarize our method in Algorithm 1. At first, Iˆref
is not available, so that we force λ = 0 and consider only the geometry smoothness constraint when calculate Vp,q ((d(p), d(q)).
0
, the color smoothness
After we obtain the first estimation of Iˆref
can be employed as an constraint term in occlusion handling for
two reasons. First, the occlusion can be blurred out by imaging
with a camera array [43], so that the color appearance is not very
sensitive to occlusions. Second, if the depth estimation is inaccurate, slight defocus blur is acceptable in the color appearance
estimation. Thus, we use this color based constraint to smooth
the depth estimation. One side-effect is the result would be oversmoothed. Therefore, we use a coarse-to-fine strategy to recover
depth by decreasing λ gradually in the iteration.

5

E XPERIMENTAL RESULTS

In order to compare with existing methods quantitatively, we first
conduct experiments on the synthetic camera array data. We render
a Brickwall room using OpenGL, then the scene is captured with
an 8 × 8 equidistant synthetic camera array. For each camera, we
generate a 512 × 512 resolution image with 45◦ field of view.
As in [43], the foreground occluder is composed of horizontal
and vertical bars, which can be precisely controlled by varying
the adjacent spacing between the bars. We draw the foreground
occlusion bars with different noise (white noise, pink noise and
uniform noise), and controlled the amount of occlusion from 10%
to 70%, as shown in Fig. 7.
To intuitively illustrate foreground occlusion artifacts, we plot
the variation of angular samples with same refocused position on
different depth layers, as shown in Fig. 8. Each patch shows a
comparison of samples from 64 views, the locations of original
patches are marked in red, as shown in Fig. 7 (b). From Fig. 8, we
can see that the different angular samples will appear a perfect
similarity on the correct depth layer, e.g. the central patch in
middle row. Due to foreground occlusion, the photo consistency
of angular samples will be hardly hold among different angular
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Fig. 8: The variation of 64 angular samples on different layers by
using synthetic OpenGL data.



White noise
Pink noise
Uniform noise



Correctly reconstructed pixel(%)

Algorithm 1 Iterative reconstructing algorithm for partially occluded scene
Require: source image set I , consistency threshold T , depth
range [da , db ], the number of K-means clusters m, the max
iterative number tmax , weight factor λ
∗
Ensure: depth map d∗ and scene appearance Iref
1: for each d ∈ [da , db ], and each pixel p do
2:
calculate data cost F (p, d) by Eqn.(6);
3: end for
4: optimize d0 using graph-cuts without color similarity term, as
in [12];
PK
−1 0
1
0
5: estimate Iˆref
= K
k=1 Hk (d )Ik , by using Eqn.(5);
6: while t < tmax do
7:
for each d ∈ [da , db ], and each (p, q) ∈ N do
t−1
8:
calculate Vp,q (d(p), d(q)) from Iˆref
by Eqn.(8);
9:
end for
10:
optimize dt by minimizing Eqn.(10);
11:
for each color channel do
12:
for each l ∈ [0, 255], and each (p, q) ∈ N do
t−1
13:
calculate R(p, l) and Up,q (l(p), l(q)) from Iˆref
by
Eqn.(13) and Eqn.(14);
14:
end for
15:
end for
t
16:
optimize Iˆref
by minimizing Eqn.(11);
17:
λ ← λ ∗ (0.7)t−1 ;
18:
t ← t + 1;
19: end while
∗
t
20: d∗ ← dt , Iref
← Iˆref































Occlusion(%)

(a)

(b)

(c)

(d)

(e)

(f)

Fig. 9: Comparison of depth reconstruction under white, pink,
uniform noisy occlusion.

Fig. 7: Synthetic scene with foreground occlusions. (a) The cave
scene. (b) One sample of 64 views. (c) Ground truth of depth.
(d)-(f) Cave scenes with 20%, 50%, 70% occlusions.
samples, even on its correct depth layer, as the 20th layer patch
in the top row and the 80th layer patch in the bottom row.
Fortunately, the photo consistency still exists in most parts of nonoccluded angular samples. To simulate the complexity of real
world environment, we test the proposed algorithm under three
different types of noise occlusions, as shown in Fig. 9. On the
synthetic OpenGL scene data, we calculate the percentages of
correctly depth reconstructed pixels under occlusion, in which the
occlusion rates is increased from 10% to 70% at equal interval.
Here, we divide the scene depth space into 100 different layers.

(a)

(b)

(c)

(d)

Fig. 10: Scene reconstruction with different foreground occlusion
patterns. (a) 40% different foreground occlusion patterns. (b)
shows scene appearance reconstruction with data cost in Eqn.12.
(c) shows scene appearance reconstruction with data cost in
Eqn.14. (d) shows scene depth reconstruction.
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Then, we set our error tolerance limit to 5 depth layers aparting
from ground truth, which means 5% error is acceptable within
scene depth space. From left to right, the top row of Fig. 9 shows
the patterns of white noise, pink noise and uniform colored noise
respectively. We can see that our algorithm is well performed
under white noise and pink noise occlusions, but the reconstruction
accuracy drops fast when the occlusion proportion is higher than
50%. In the uniform colored occlusion case, failure point of the
proposed algorithm would start at 20% occlusion. That because
uniform colored occlusion appears highly photo consistency in
the K-means process, which may be falsely recognized as a
valid target point. Fortunately, since the nature lights is usually
randomly illuminating and shading on the geometrical surfaces of
3D occlusions, the uniform colored occlusion is much rare than
non-uniform colored cases in nature environment.
To further explain the characteristics of proposed algorithm,
we show the scene reconstruction results at 40% white noise,
pink noise and uniform colored noise occlusions in Fig. 10, from
which we can see that our algorithm is robust to both white noise
and pink noise occlusions. But as we mentioned above, the high
similarity of foreground occlusion will lead two highly clustered
centers, so that our algorithm can be vulnerable with uniformed
colored noises, as shown the bottom row in Fig. 10. The Fig. 10
(b) and (c) show the appearance reconstruction, the brighter results
in Fig. 10 (c) are using the cost in Eqn.(14), in which the darkglasses-artifact is significant suppressed than that in Fig. 10 (b).
The Fig. 10 (d) are corresponding depth recovery results.

(a)

(b)

(c)



Proposed
Entropy[41]
SSD

Correctly reconstructed pixel(%)






















(d)







Occlusion(%)

Fig. 11: Depth recovery on synthetic data. (a) - (c) Depth map by
SSD, entropy based approach and ours under 40% occlusion. (d)
The percentage of correctly reconstructed pixel of three approaches under different occlusion proportions.
In Fig. 11, we compare the proposed approach with classical sum-squared difference (SSD) approach and entropy based
approach [43]. Fig. 11 (a) - (c) show the depth recovery results
under 40% occlusion and all results are optimized using graphcuts [14]. To evaluate matching costs independently, we conduct
a comparison using winner-take-all strategy rather than global
optimization in Fig. 11 (d). We can see that the K-means based
matching cost obviously outperforms other two matching costs.

In Fig. 12, we demonstrate our method using a real planar
camera array. The elemental CCD camera (CK-IH046C) has a
752 × 576 resolution and 37.0◦ field of view with a 12mm lens.
The baseline between two adjacent cameras is 70mm, as shown
in Fig. 12. The camera array is triggered by numerical controlled
synchronizer. In Fig. 13 (a), we show the experimental setup under
moderate severe foreground occlusions, the central camera views
of target scene and its corresponding occlusion ratio estimation
are show in Fig. 13 (b) and Fig. 13 (c) respectively. The traditional
SAP results on three different focal planes are shown in Fig. 14,
from which we can see the foreground occlusion can be generally
blurred out, and only those targets on a specific plane are sharp
focused. We only give out three out of one hundred SAP images
from near focus to far background.
FDUG

6WRUDJH
VHUYHU

6\QFKURQL]HU
&&'FDPHUD

&DPHUDDUUD\
,OOXPLQDWLRQ
V\VWHP

PP/HQV

'DWDFDEOH

Fig. 12: Real 8 × 8 camera array.
In Fig. 15, we compare our iterative scene appearance reconstruction with existing methods. We show two groups of our scene
appearance reconstruction using the Eqn.(12) and Eqn.(14) cost
function in Fig. 15(d) and Fig. 15 (e) respectively. Our scene
appearance reconstruction can generate more clearer results than
entropy based methods in [43]. Another advantage of proposed
appearance reconstruction is that we can produce the all-in-focus
scene appearance, which is not realized in Pei’s work in [46].
Although the occlusion removal via pixel labeling can effective
reduce the dark-glasses-artifact in [46], some foreground energy
still be unavoidable distributed to the results in Fig. 15(c). This
is because the pixel labeling process may failure while the foreground occlusion texture exists highly color similarity. Even when
pixel labeling is well performed, another side-effect can not be
ignored, the traditional integration in [46] may greatly deteriorate
appearance reconstruction as introducing strong aliasing artifacts.
Please see the out-of-focus region in 15(c), the aliasing artifacts
is lead by angular down-sampling, the interested reader is referred
to paper [50] for detailed information. We give out a 3-channels
RGB image histogram comparison on the bottom of Fig. 15. These
histograms show that, judging from the pixels tonal distribution,
our scene appearance recovery using Eqn.(14) are more close
to the non-occluded ground truth. especially on the green color
channel, which be significantly entangled by foreground occlusion. To analyze on the image structure recovery performance,
we have further employed the structure similarity (SSIM) index
[51] as a metric of image appearance reconstruction. With the
results in Fig. 15, we plot the structural differences between results
of appearance reconstruction and the non-occluded ground truth
in Fig. 16. The white region of Fig.15 represents high structure
similarity, whereas the dark region represents failure appearance
reconstruction. Apparently, the proposed reconstruction preserves
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more scene details than other algorithms. In general, compare to
the work in [46], our algorithm can produce similar but more
bright appearance reconstruction without foreground modeling,
which is still a challenge problem in most of practical applications.
Because we have not obtained the depth ground truth, in the
experiment of depth recovery under moderate severe foreground
occlusion, we only compare the results between our approach
and the approach in [43]. Since the global optimization was
not employed in [43], we improved their approach using graphcuts, and made the results more comparable. Taking the depth
estimation from non-occluded data as benchmark in Fig. 17
(a), our approach generates better scene depth (Fig. 17(d)) than
traditional multiview occlusion handling [14] and entropy based
method [43], as shown in Fig. 17 (b) and (c). From Fig. 17 (b) we
can see that, even preventing the violation of visibility constraint
on depth assignment, the depth reconstruction will be still badly
failed because none of views can be treated as the reference. The
results of entropy based method will also become noisy when the
foreground consisting of similar colored occlusions, as in Fig. 17
(c). Besides, we have tested some light field scene reconstruction
algorithms, but none of them can obtain satisfactory results by
applying the release codes in [34], [38]. The light field algorithms
are more suitable for compact light field camera data, in which
the disparities is nearly in linear distribution, thus the light field
EPI images are consisted of lines with different slopes depending
on depth. By accurate calibrating of different angular elemental
cameras, our algorithm can handle nonlinear and non-uniform
disparities distribution, which is different from microlens array
plenoptic cameras cases. For this reason, the major concern of
popular light field algorithms are handling self occlusions on objects boundaries, but we focus on handling foreground occlusion.

100%

0%
100%

0%

(a)

(b)

(c)

Fig. 13: Target scene under moderate severe foreground occlusions. (a) The setup of the experiment. (b) The central camera views of
two datasets. (c) The corresponding proportion map of occlusion.
In our experiments, the selection of weight factor λ is scene
dependent, which can be optimized as suggested in [52]. At the
same time, we set photo consistency upper bound T = 200.
The threshold T is chosen empirically large because we have to
compromise to large angular variations when using camera array
data. In our 8 × 8 camera array, we set the number of clusters
m = 5 in K-means, which is not only depended on the number
of views, but also relied on the texture complexity of foreground
occlusions. Intuitively, we need a bigger m when the number of
views is large or the foreground occlusions is strong textured. In
order to choose a suitable m, we analyse the relationship between
reconstruction accuracy and m value using synthetic dataset in

Near

Middle

Far

Fig. 14: Traditional synthetic aperture photography on different
focal planes.
Fig. 18. Apparently, we observe that a bigger m will basically lead
a more accurate result, but a large m will cost much more runtime,
e.g. m = 20 costs 10 times more runtime to obtain a comparable
result with m = 5. Notice that, the overfitting of clustering may
occur when m is pretty close to the number of angular samples, we
also show an overfitting example case in Fig. 19. As shown in the
last subimage of Fig. 19, the number of clustering centers m = 60
is pretty close to the number of camera 64, the reconstruction
accuracy is decreased by the overfitting of clustering.
Furthermore, we show iterative reconstruction results of camera array data in Fig. 20. Even when the depth map is not accurately estimated, the reconstructed appearance is still acceptable as
we mentioned above. In the iteration process of algorithm 1, we
choose tmax = 3 since there is less contributions as increasing
tmax . In Fig. 20, both the scene depth and appearance are reconstructed by using our coarse-to-fine iteration strategy. The top
row scene appearance reconstruction of Fig. 20 is computed using
data cost in Eqn.(12), thus the energy of foreground occlusion
is spread all over the images, which leads the above mentioned
dark-glasses-artifact. We employ the data cost in Eqn.(14) again
to reduce these artifacts, as shown in the middle row of Fig. 20.
In Table 1, we give out a runtime comparison on four different
algorithms. Taking the runtime of most common sum-squared
difference (SSD) algorithm as a baseline, we calculate the runtime
ratio between other algorithms and classic SSD. Since our scene
reconstruction is conducted on large number of views, so entropy
based algorithm is even faster than SSD algorithm. Without
foreground occlusion modeling, the proposed algorithm is much
more efficient than foreground occlusion pixel labeling algorithm.
As we see in Fig. 13, under such dense green branches
occlusion, scene reconstruction is still an open and challenging
task. Compare to synthetic scene case, the very approximate color
and depth of green branches will lead worse reconstruction results.
We are inspired by the work of raindrops removal in [53], in
which the raindrops can be deemed as a classic kind of foreground
occlusion with random distribution. So we intent to apply the
proposed algorithm for this raindrops removal case. Unfortunately,
it is not feasible to move our large and heavy camera array
outside at this stage. But, we have added some fictitious raindrop
like noises to real scene data, as shown in figure.21 (a). We
show image inpainting results using algorithm in [22] and the
proposed reconstruction in Fig.21 (c)-(d) respectively. Please see
in Fig.21 (d), the proposed depth reconstruction can also obtain
acceptable results under the raindrops like foreground occlusion.
In most of practical applications, it is hardly to get the occlusion
mask prior, which is not needed in our algorithm. Moreover,
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(a)

(b)

(c)

(e)

(d)

Fig. 15: Scene appearance recovery results on real data. (a) The non-occluded ground truth. (b) Entropy based scene appearance
recovery using method in [43]. (c) Pixel labeling scene appearance recovery in [46]. (d) Our iterative scene appearance recovery using
Eqn.(12). (e) Our scene appearance recovery using Eqn.(14).
even the occlusion mask prior is obtainable, the image inpainting
techniques may also fail to reconstruct heavily occluded scene. For
example, we have tried both pixel-wised and patch-wised single
image inpainting algorithms [22], [54] to recovery our real scene
in Fig. 13, but none of results is satisfactory, as shown in Fig. 22.
Attentive readers will also find an unexpected side-effect with
this dark-glasses-artifact reduction using Eqn.(14), the appearance
reconstruction may randomly generate false results as encountering multiple layers of occlusions. For example, we can find
that the antennas of red toy ants disappear in the appearance
recovery, as shown in Fig. 15 (e). From our analysis, the tiny
antennas of toy ants may be eliminated as occlusions relative to
the background fabric. Thus, if there are lots of multiple layers of
occlusions in the target scene, and the accurate scene appearances

reconstruction is the major concerns, we recommend giving up
data cost in Eqn.(14) to avoid this false positive foreground
occlusion removal. Fortunately, the data cost in Eqn.(12) will still
work correctly as other existing methods, and our algorithm can
produce both accurate scene depth and all-in-focus appearances
without occlusion modeling.
TABLE 1: Runtime comparison on four different methods.
Runtime

Traditional SSD

Entropy [43]

Pixel labeling [46]

Proposed

Cave 512 ∗ 512

1.00

0.31

112.04

13.20

Bags 752 ∗ 576

1.72

0.49

188.52

24.29

Toys 752 ∗ 576

1.70

0.43

171.16

22.85
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SSIM = 0.7241

SSIM = 0.6130

SSIM = 0.7291

SSIM = 0.8154

SSIM = 0.8093

SSIM = 0.6775

SSIM = 0.8558

SSIM = 0.8393

(a)

(b)

(c)

(d)

Fig. 16: Structural similarity comparison between different appearance recovery results and non-occluded ground truth. (a) Structural
similarity between Fig15(b) and Fig15(a). (b) Structural similarity between Fig15(c) and Fig15(a). (d) Structural similarity between
Fig15(d) and Fig15(a). (e) Structural similarity between Fig15(e) and Fig15(a).

(a)

(b)

(c)

(d)

Fig. 17: Scene depth recovery results on real data. (a) Estimated depth map from occlusion free dataset. (b) Recovered depth map using
visibility constraint in multiview occlusion handling [14]. (c) Recovered depth map using entropy based method [43]. (d) Recovered
depth map using our method.
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Fig. 18: The analysis on depth reconstruction accuracy and runtime with different m value.

Fig. 19: Depth reconstruction results on synthetic cave scenes with
different m value.
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C ONCLUSION

[7]

In this paper, we bring out a new scene reconstruction problem, in
which the REC assumption is untenable. To deal with severe foreground occlusion, we propose a generalized scene reconstruction
model for recovering both scene depth and appearance. Since none
of source images can be used as the reference view, we apply the
synthetic aperture photography to estimate a reasonable reference
with an inaccurate depth prior. The proposed scene reconstruction
model allow us to minimize the contributions of the unexpected
occluded views.
Further, we introduce an iterative scene reconstruction algorithm, which is more robust to foreground occlusion than existing
algorithms. Most importantly, our approach is free of occlusion
modeling and detecting. We introduce a K-means clustering to
separate target scene from heavy foreground occlusion. Therefore,
we need more views to ensure the validity of proposed approach.
The proposed algorithm performs well under white noise and pink
noise occlusion, but reconstruction accuracy drops quickly when
the proportion of occlusion is above 50%.
In the experiment part, we verify the proposed algorithm on
both synthetic and real datasets. Then, we analyse the selection
of parameters, such as the count of K-means centers, iteration
times, photo consistency upper bounds, etc. Most importantly, the
results show that our algorithm can successfully recover accurate
scene depth, as well as occlusion removed scene appearance.
Compare to existing methods, the quantitatively analysis indicates
the robustness and effectiveness of the proposed algorithm. In
future, we will research on parameters adaptive selecting, and
apply our approach on object tracking and detection in presence
of foreground occlusion.
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Fig. 22: Image inpaiting results on real data. (a) The target images.
(b) The mask image of (a). (c) Pixel-wise image inpainting [54].
(d) Patch based image inpainting [22].
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Fig. 20: The results of 3 steps iteration.
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Fig. 21: Scene reconstruction results on real data with raindrops like noises. (a) Adding noises to non-occluded scene in Fig. 15(a). (b)
The mask image of noises. (c)Patch based image inpainting results using algorithm in [22]. (d) Recovered scene appearance using our
method. (e) Recovered depth map using our method.
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