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ABSTRACT
Foreground occlusion is a significant challenge in 3D reconstruction. In the paper, we first characterize the differences
between multiview reconstruction with and without foreground occlusion. Considering both scene depth and appearance are unknown, we propose a generalized model for scene
reconstruction. Then, we propose an iterative reconstruction
approach in the global optimization framework, which is well
performed on the camera array system. Even when all views
are partially occluded, our approach can recover accurate
depth map as well as scene appearance. Experimental results
have indicated that our approach is more robust to foreground
occlusions and outperforms state-of-the-art approaches.
Index Terms— 3D reconstruction, foreground occlusion,
camera array, graph-cuts
1. INTRODUCTION
Reconstructing scene 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 [1, 2].
In this paper, we focus on the occlusion-handling problem,
especially for foreground occlusion (in Fig. 1(a)).
Since occlusion is one of the greatest challenges in binocular stereo and multiview stereo (MVS), a straightforward
method is applying cross-checking using uniqueness constraint [3]. Zitnick et.al. [4] proposed an iterative algorithm
to estimate the occlusion in a 3D array, which also used the
uniqueness constraint. Geiger et.al. [5] suggested a monotonicity constraint to keep the ordering of matching pixels. To
handle occlusion for more general scenes, Sun et.al. [6] 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 [7]. One solution is to detect and model
the occlusion explicitly, as suggested in [6, 8, 9]. Another solution is to perform global optimization to smooth the results
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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.
reasonably, such as graph-cuts [10, 11, 12], belief propagation [13, 14, 15] and dynamic programming [16, 17, 18]. To
further explore the performance of these methods, we recommend to refer [19], which compares different anti-occlusion
algorithms in a systematic way.
In previous work, the target scene is almost completely
visible in the reference view, which is called reference-visible
condition (RVC) in this paper. In case of foreground occlusion existing in all views, the occlusion can not be either separated or modelled explicitly and the ideal RVC is not satisfied (such as Fig. 1(a)). Unfortunately, most of above algorithms would fail due to significant occlusions. Wilburn et.al.
[20] built a camera array system based on the light field theory [21]. Furthermore, Vaish et.al. [22] presented an entropy
based algorithm to reconstruct the occluded surface from a set
of partially occluded images. Do et.al. [23] proposed an independent component analysis based algorithm to reconstruct
the appearance of occluded objects.
But so far, little research has been involved in explicit
modelling scene reconstruction when the RVC is violated. In
this paper, we propose a novel iterative approach, which can
estimate both depth and appearance of a scene behind significant foreground occlusions, as shown in Fig. 1(b) and (c).
The major contributions of the paper include,
• We characterize the differences between scene reconstruction with and without foreground occlusion, which
leads to a more general reconstruction model.
• We propose an iterative scene reconstruction approach
in global optimization framework, which recovers both
scene depth and appearance.
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Fig. 2. An overview of the proposed approach.
2. PROBLEM FORMULATION

sion. So we model this process as

Since the occlusion almost exists everywhere, MVS is naturally more robust than binocular stereo. 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
(D)
probability of P (D|I) = P (I|D)P
by Bayesian law,
P (I)
P (D|I) ∝ P (I|D)P (D). In the Markov network based
MVS, the probability maximization is equivalent to energy
minimization, which can be solved by traditional global optimizations. Usually, the energy function is modeled as,

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

where Bk (O, d) is a blocking function depending on the
depth d, occlusion O and the view of camera k. Since O is
undetectable, it is impractical to estimate Iref from any Ik .
Here, to separate foreground occlusion, the only assumption
is that we limit the target scene within a range [da , db ]. 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

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 RVC, we
have a hypothesis that the target scene is almost completely
visible in the reference view Iref . The cost of difference is
commonly represented as kHk−1 (d)Ik − Iref k2 , since Edata
reflects the matching consistency at the given depth d. The
homography Hk (d) represents transformation matrix which
registers the image Ik into the coordinate system of reference
view. 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)

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[19]. 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 define the space of unknowns as S(D, O, Iref ),
where D is scene depth, O is undetectable occlusion, and Iref
is the unknown reference image respectively. Then, our new
MAP problem becomes to maximize the posterior probability
(S)
of P (S|I) = P (I|S)P
. The likelihood P (I|S) depends on
P (I)
the imaging formation, in the presence of foreground occlu-
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(3)

K−n
P
k=1

kHk−1 (d)Iˆk − Iˆref k2 × ρ(n)

s.t. da ≤ d ≤ db
(4)
where Iˆk = Bk−1 (O, d)Ik and Iˆref denotes the occlusionremoved image of the reference view, i.e., Iˆk=ref . 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). 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 the traditional
one in Eqn.(2). In the meantime, all the existing constraints
are still valid in this model.
3. RECONSTRUCTING SCENE BEHIND
FOREGROUND OCCLUSION
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 partially occluded reference, thus Iˆref
will be randomly distributed in those occluded views, and
usually be considered as 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 number of non-occluded views, we
can distinguish them from such strong occluded noise. In this
case, it is possible to estimate depth without explicit modeling
occlusion O.
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To handling the 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. Fig.2
shows an overview of the proposed approach.
After acquiring multiple views of the target scene, we
compute the matching cost for each pixel p at each depth
layer d. Unlike existing approaches, we use a K-means algorithm [24] to pre-selecting matching candidates. Suppose
that those Ik are clustered into m groups, we select the group
withPmost points as Cs , whose in-class distance is dts =
1
Ik ∈Cs kIk − µs k2 , where cts is the number of points
cts
in Cs and µs is the cluster centroid. Then, to a point p at
current depth d, the data cost F (p, d) is

 dts , if dt ≤ T
s
cts
(5)
F (p, d) =

+∞, Otherwise

where T is a consistency threshold.
In this paper, we employ the similar smooth constraint and
neighborhood system N as described in [10]. The smooth
cost Vp,q (d(p), d(q)) is defined as
Vp,q (d(p), d(q)) = ω(p, q, λ) min(L, |d(p) − d(q)|)

(6)

where L is a cutoff for the smooth cost. 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

(7)

Finally, our energy function can be summarized as
E = Edata + Econs
X
=
F (p, d) +
p∈Iref

X

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

(8)

{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) and (8)
disPis that, we−1use in-class
ˆk − Iˆref k2 ,
tance dts as an approximation of K−n
kH
(d)
I
k=1
k
at the cost of ρ(n) = ρ(K − cts ) = 1/cts . This approximation is reasonable in most of cases, depending on that, at the
correct depth, the occluded pixels are randomly distributed,
whereas non-occluded pixels are highly clustered.
Now we summarize our method in Algorithm 1. At
first, Iˆref is not available, we force λ = 0 and consider
only the geometry smoothness constraint when calculate
0
Vp,q ((d(p), d(q)). After we obtain the first estimation of Iˆref
,
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Algorithm 1 Iterative reconstructing algorithm for partially
occluded scene
Input: 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
∗
Output: 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.(5);
3: end for
4: optimize d0 using graph-cuts without color similarity
term, as in [10]; P
K
−1 0
1
0
5: estimate Iˆref
= K
k=1 Hk (d )Ik , as in [20];
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.(6);
9:
end for
t
10:
optimize dP
by minimizing Eqn.(8);
K
1
t
ˆ
11:
Iref = K k=1 Hk−1 (dt )Ik ;
12:
λ ← λ ∗ (0.7)t−1 ;
13:
t ← t + 1;
14: end while
∗
t
15: d∗ ← dt , Iref
← Iˆref

the color smoothness 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 [22], 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 over-smoothed.
Therefore, we use a coarse-to-fine strategy to recover depth
by decreasing λ gradually in the iteration.
4. EXPERIMENTAL RESULTS
We first conduct experiments on synthetic data and compare
with existing methods quantitatively. We render a Brickwall
room using OpenGL, then capture the scene with an 8 × 8
equidistant camera array. For each camera, we generate a
512 × 512 image with 45◦ field of view. As in [22], the foreground occluder is composed of horizontal and vertical bars,
which can be precisely controlled by varying the spacing between the bars. We draw the foreground bars with white noise
(strong texture), and controlled the amount of occlusion from
10% to 70%, as shown in Fig. 3.
In Fig. 4, we compare the proposed approach with classical sum-squared difference (SSD) approach and entropy
based approach [22]. Fig. 4(a)-(c) show the depth recovery
results under 40% occlusion and all results are optimized using graph-cuts. To evaluate matching costs independently, we
conduct a comparison using winner-take-all strategy rather
than global optimization in Fig. 4(d). We can see that the
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Fig. 3. 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.

(a)
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Fig. 5. Scene recovery results on real data. (a)(b) One sample
of two scenes without and with occlusion. (c) The proportion
map of occlusion. (d) Estimated depth map from (a). (e)(g)
Recovered scene and depth map from (b) using entropy based
method [22]. (f)(h) Recovered results by our method.

(c)
Proposed
Entropy[22]
SSD

(d)

Fig. 4. Depth recovery on synthetic data. (a)-(c) Depth maps
by SSD, entropy based approach and ours under 40% occlusion. (d) The percentage of correctly reconstructed pixel of
three approaches under different occlusion proportions.
K-means based matching cost obviously outperforms other
two matching costs.
In Fig. 5, 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. The baseline
between two adjacent cameras is 70mm, as shown in Fig. 2.
Without depth ground truth, we only compare the results between our approach and the approach in [22]. Since the global
optimization was not employed in [22], we improved their approach using graph-cuts, and made the results more comparable. As shown in Fig. 5(e)-(h), our approach generates better
scene appearance as well as scene depth.
In experiments, the selection of weight factor λ is scene
dependent, which can be optimized as suggested in [25]. At
the same time, we set photo consistency threshold T = 200.
T is chosen empirically large because we have to compromise
to large angular variations when using a camera array. In our
8 × 8 camera array, we set the number of clusters in K-means
m = 5, which is not only depended on the number of views,
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Fig. 6. The results of 3 steps iteration.
but also on the texture of occlusions. Intuitively, we need a
bigger m when the number of views is large or the occlusion
is strong textured. We choose tmax = 3 since there is less
contributions as increasing tmax . In Fig. 6, we show iterative
results, in which the reconstructed appearance is acceptable
even when the depth map is not accurately estimated, as we
mentioned above. But, more details are reconstructed while
using a better depth estimation.
5. CONCLUSION
In this paper, we propose a generalized scene reconstruction
model for recovering both scene depth and appearance. Further, we introduce an iterative scene reconstructing approach,
which is robust to foreground occlusion. Most importantly,
our approach is free of occlusion modeling and detecting.
But, we need more views to ensure the validity of proposed
approach. 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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