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Abstract

Occlusion is usually modelled in two images symmetri-
cally in previous stereo algorithms which cannot work for
multi-view stereo efficiently. In this paper, we present a
novel formulation that handles occlusion using only one
depth map in an asymmetrical way. Consequently, multi-
view information is efficiently accumulated to achieve high
accuracy. The resulting energy function is complex and ap-
proximate graph cut based solutions are proposed. Our ap-
proach complements the theory and extends the applicabil-
ity of using graph cut in stereo. The experiments demon-
strate that the approach is comparable with the state of the
art and potentially more efficient for multi-view stereo.
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1. Introduction

Stereo vision addresses the problem of obtaining depth
information from multiple images taken about the static
scene from different viewpoints. Occlusion handling is a
challenging problem in stereo matching since correspon-
dences of pixels in occlusion area are not well defined. Pre-
vious stereo algorithms either ignore occlusion area, there-
fore computing a quasi-dense depth map [12], or use vari-
ous techniques to handle occlusion explicitly [5].

The occlusion handling in multi-view stereo has been
discussed in [8]. Several heuristic techniques are proposed
to reduce the sensitivity to occlusion, such as shiftable win-
dows and temporal selection of frames. These techniques
are not used in our approach since we are focusing on
the problem formulation and energy function minimization.
However, they may further improve the results.

Dynamic programming approaches [3, 6] work on two
images symmetrically. They solve an 1D path-finding opti-
mization problem which is formulated on the corresponding
epipolar lines and computes occlusion explicitly. There are
two main problems in such approaches. Ordering constraint
is usually assumed but it may be violated in practice. It is

hard to ensure intra-scanline consistency in the depth map
which is not explicitly formulated in the energy function.
These problems are avoided in our approach by solving a
more general 2D optimization problem.

There are a lot of stereo algorithms using graph cut. We
only discuss those [4, 9, 10] which are most related to our
approach, as compared in Table 1. Occlusion is not consid-
ered in [4] and it depends on the smoothness constraint to
achieve good results. The dependency is reduced in [9] by
adding a visibility term to the energy function addressing
the uniqueness constraint, but the formulation is restricted
on two views. The multiple view approach [10] imposes
visibility constraints to arbitrarily two views by exploiting
the epipolar geometry between them.

Our formulation extends the energy function in [4] to
handle occlusion explicitly. The occlusion computing pro-
cess is similar as in [10]. However, since only one depth
map is computed, the formulation is more complicated. The
resulting energy function is smaller, more difficult and can-
not be minimized by graph cut in general. Instead, approx-
imate minimization techniques are developed and they are
shown to be effective in practice.

While the approach in [10] is obviously more general,
the significance of proposed approach is two-fold. Theo-
retically, the proposed approach shows that it is possible to
effectively handle occlusion in one depth map using graph
cut. This complements the theory and extends the applica-
bility of using graph cut in stereo, as revealed in Table 1.

Practically, the approach in [10] minimizes a large en-
ergy function which is a sum of two-view energy function,
called an interaction of the two views. The result depends
on how those interactions are defined. The best result is
obtained, of course, when every two view interaction is in-
cluded. However, the rapidly increasing time and space
complexity limits the maximal number of images that can
be used. In experiments, the proposed approach is com-
pared to the approach in [10] in various cases. The results
show that they are comparable in accuracy, and the pro-
posed approach is potentially more efficient for multi-view
stereo, allowing usage of more images with larger size.



#input images handling visibility energy dependency on
(#depth maps computed) (occlusion) function Esmooth

bvz99[4] n(1) no Edata + Esmooth high
kz01[9] 2(2) yes Edata + Esmooth + Eocc medium

kz02[10] n(n) yes Edata + Esmooth + Evisibility low

proposed method n(1) yes Edata + Esmooth low

Table 1. Comparison of several graph cut stereo algorithms. The methods in [4, 9] do not use epipolar
constraint. Consequently, they compute the pixel correspondences, not necessarily the depth maps.

2. Problem Formulation

Suppose we are given n calibrated images taken about
the static scene from different viewpoints, Ik, k =
0, 1, ..., n − 1. The target is to compute the depth of all
pixels in the reference image I0, that is, find a label map
f : I0 → L, where L is a set of labels corresponding to
discretized depths in the viewpoint of I0, encoded by the
function Depth(l), l ∈ L.

For clarity and simplicity of presentation, let I denote
any one of the other images since they are treated equiva-
lently. We also assume that n = 2 in the following descrip-
tion, while all definition, formulation and conclusions can
be easily generalized for more than two input images.

Since the images are calibrated, a warping function w :
I0 ×L → I can be defined, which maps a pixel p ∈ I0 with
label l to its corresponding pixel q ∈ I , w(p, l) = q. Let the
inverse warping function w−1 : I × L → I0 map a pixel
q ∈ I to the pixel p ∈ I0 with label l, w−1(q, l) = p.

A warped pixel w(p1, l1) occludes another pixel
w(p2, l2) if and only w(p1, l1) = w(p2, l2) and
Depth(l1) < Depth(l2). For multiple pixels warped into
the same location in I , only the one with the smallest depth
is visible and it occludes all other pixels. Let O(p, l) denote
the set of pixels which occlude pixel p with label l in the
current label map f ,

O(p, l) = {q|w(q, f(q)) = w(p, l)
∧Depth(f(q)) < Depth(l))}

Given a label map f , a visibility function V f : I0 →
{0, 1} is defined to return 1 when pixel p is visible after
warping and 0 otherwise,

V f (p) =
{

1, O(p, f(p)) = ∅
0, otherwise.

The energy function consists of the following two terms,

E(f) = Edata(f) + Esmooth(f) (1)

The data term Edata summarizes the pixel-based data
term that measures the consistency between the label map

and the observations in the images,

Edata =
∑
p∈I0

D(p, f).

In most previous methods, the term D(p, f) simply takes a
local matching cost function C(p, f(p)), such as SSD, SAD
or correlation. Our data term differs in that it incorporates
the more global visibility constraint. Matching costs are
only computed for those pixels visible in other images, and
a constant occlusion cost λocc is assigned for occluded pix-
els, such as done in dynamic programming [3],

D(p, f) =
{

C(p, f(p)), V f (p) = 1
λocc, V f (p) = 0.

For formulation convenience, it is rewritten as

D(p, f) = λocc + V f (p) · C̃(p, f(p) (2)

where C̃(p, f(p)) = C(p, f(p)) − λocc. The constant λocc

usually takes a value larger than the matching costs ob-
served for correctly matched pixels [8]. In our approach,
it is set to the maximum of matching cost due to technical
reasons as described in Section 3.2.

The smoothness term Esmoooth encodes smoothness
prior of the depth map. To illustrate the insensitiveness of
our approach to this term, it is simply defined as

Esmooth(f) =
∑

(p,q)∈N
λsmooth · S(f(p) − f(q))

where N = {(p, q) | |px − qx| + |py − qy| = 1} is the
4-connected neighborhood system, S(·) is the simple delta
function and λsmooth is a small constant.

3. Energy Function Optimization

This section addresses the minimization of energy func-
tion (1). Graph cut can efficiently minimize a function that
is defined on binary variables and satisfies certain condi-
tions. This is simply described in Section 3.1. Since a pixel
can take multiple labels, previous graph cut stereo meth-
ods use α-expansion to compute a strong local minima. In



Section 3.2, we discuss the conditions necessary to apply
α-expansion algorithm in our case and show that it is in
general infeasible to perform the minimization on all pix-
els simultaneously using graph cut. Instead, effective ap-
proximation techniques are developed which work well in
practice. They are elaborated in Section 3.3 and 3.4.

3.1. Graph Cut Algorithm

A theory about energy minimization using graph cut al-
gorithm is established in [11] and simply summarized here.

Let {x1, ..., xn}, xi ∈ {0, 1}, be a set of binary vari-
ables. If an energy function consists of a sum of functions
of up to three variables,

E(x1, ..., xn) =
∑

i Ei(xi) +
∑

i<j Ei,j(xi, xj)
+

∑
i<j<k Ei,j,k(xi, xj , xk),

it can be minimized by constructing a graph and computing
the maximum flow [7], if and only if each term is regular.

Here a single-variable function is always regular. A
function of two variables E(x, y) is called regular if it sat-
isfies the following regularity condition,

E(0, 0) + E(1, 1) ≤ E(0, 1) + E(1, 0) (3)

A function of three variables degenerates to a function of
two variables by fixing one variable’s value, therefore ac-
counting for totally 6 cases (3 variables and 2 values). The
function is called regular if all six two-variable functions
are regular.

3.2. α-expansion

Consider the current label map f and a label α, a label
map fα is called within an α-expansion of f if for any pixel
p ∈ I0 either fα(p) = f(p) or fα(p) = α. Therefore,
fα can be represented by a set of binary variables, x =
{xp|p ∈ I0, f(p) �= α}1, such that fα(p) = f(p) if xp =
0, and fα(p) = α if xp = 1. Let fα

x denote the label
map represented by x, we can define the following energy
function on the binary variables x,

Eα(x) = Eα
data(x) + Eα

smooth(x) (4)

, where Eα
data(x) = Edata(fα

x ) and Eα
smooth(x) =

Esmooth(fα
x ). In the α-expansion, we compute the vari-

ables x that minimizes the energy function (4) using graph
cut, and change the label map f to fα

x . This process is per-
formed over all labels iteratively until convergence. The
result proves to be a strong local minima of (1) [4].

It has been shown in [10] that the smoothness term
Eα

smooth(x) satisfies the regularity condition (3), and the

1a pixel whose label is currently α will be a constant, not a variable.

remaining problem is to verify whether the data term
D(p, fα

x ) satisfies the regularity condition. Let us assume
that f(p) �= α and D(p, fα

x ) is therefore dependent on xp.
The conclusion when f(p) = α is given later as a special
case.

Assume that V (p) reduces to V0(p) and V1(p) when xp

takes 0 and 1, respectively,

V (p) = (1 − xp) · V0(p) + xp · V1(p). (5)

Combining (2) and (5) gives the explicit form of data
term D(p, fα

x ) as the sum of two terms D0, D1 and a con-
stant λocc,

D(p, fα
x ) = λocc + xp · V1(p) · C̃(p, α)

+(1 − xp) · V0(p) · C̃(p, f(p))
= λocc + D1 + D0.

(6)

Now the problem boils down to finding whether D0 and D1

satisfy the regularity condition.
Let q denote a pixel that may occlude p after α-

expansion. There are four combinations for xp and xq.

• xp = 0, xq = 0, q occludes p in current label map f
and q ∈ O(p, f(p)), denoted as O0(p);

• xp = 0, xq = 1, q takes label α and occludes p
with its label unchanged. This is only possible when
Depth(α) < Depth(f(p)), and such q is uniquely de-
termined by q∗ = w−1(w(p, f(p)), α);

• xp = 1, xq = 0, p takes label α and is occluded by
q with its label unchanged; q ∈ O(p, α), denoted as
O1(p);

• xp = 1, xq = 1, it is impossible for q to occlude p in
this case since they have the same label α.

Notice that p will be occluded if any such q occludes it,
and it is visible only if all such qs do not occlude it. Sum-
marizing the above four cases gives rise to2

V0(p) =
{

(1 − xq∗)
∏

q∈O0(p) xq, if q∗ exists∏
q∈O0(p) xq, otherwise

(7)

and
V1(p) =

∏
q∈O1(p)

xq (8)

From (6) and (8), term D1 is a function of |O1(p)| + 1
variables. It takes C̃(p, α) when all variables take 1, and
0 otherwise. When O1(p) = ∅, V1(p) simply vanishes in
(6). D1 becomes a function of one variable xp and trivially

2It is possible that q∗ ∈ O0 and f(q∗) = α. In this case, there is not
corresponding xq∗ , the visibility function V0 is 0 and the term D0 trivially
satisfy the regularity condition. This trivial case is not discussed in the text.



satisfies the regularity condition. When O1(p) �= ∅, since
the graph cut algorithm can handle a term of at most three
variables in the current state of art [11]3, by checking the
regularity condition described in Section 3.1, we have the
following conclusion,

Lemma 1 D1 can be minimized by graph cut if (i) O1(p) =
∅; or (ii) |O1(p)| ≤ 2 and C(p, α) ≤ λocc.

Similar conclusions can be drawn about term D0 given
by (6) and (7).

Lemma 2 If q∗ exists, D0 can be minimized by graph cut if
O0(p) = ∅ and C(p, f(p)) ≤ λocc.

Lemma 3 If q∗ does not exist, D0 can be minimized by
graph cut if (i) O0(p) = ∅; or (ii) |O0(p)| = 1 and
C(p, f(p)) ≥ λocc.

Remember that all the above conclusions assume f(p) �=
α. When f(p) = α, xp vanishes in (5), O0(p) = O1(p) and
q∗ does not exist. The data term (6) reduces to

D(p, fα
x ) =

∏
q∈O0(p)

xq · C̃(p, f(p)) + λocc. (9)

Similarly, we have

Lemma 4 For a pixel p with f(p) = α, data term (9)
can be minimized by graph cut if (i) O0(p) = ∅; or (ii)
|O0(p)| ≤ 3 and C(p, α) ≤ λocc.

There are two problems. The first problem is with re-
spect to the size of O0(1)(p). This is less inherent as it is due
to the maximum number of variables in a term manipulable
by graph cut [11] and may be relieved with further develop-
ment in theory. In practice, such conditions are usually sat-
isfied since the scene geometry seldom contains more than
two layers in a small area. The second problem is due to the
regularity condition (3) and concerns the relation between
λocc and pixel matching cost function C(p, f(p)). Unfortu-
nately, Lemma 3 contradicts other cases on this relation and
this makes a general solution impossible.

Theorem 1 Energy function (4) cannot be minimized by
graph cut in general.

Notice that the condition C(p, f(p)) ≥ λocc in Lemma
3 is also not reasonable. In the following, we set λocc to the
maximum value of function C(p, f(p)). The main difficulty
now is how to handle pixel p with O0(p) �= ∅ in Lemma 2
and 3. Fortunately, since those pixels occluded in the cur-
rent label map usually amount to a small proportion, this
makes effective approximation techniques possible, either
by ignoring those pixels (Section 3.3) or estimating their
data terms instead of accurately evaluating them (Section
3.4).

3It is yet unknown that whether this is an upper bound. Consequently,
the conditions listed in Lemma 1–4 are sufficient and it is unknown
whether they are necessary.

3.3. Restricted α-expansion

In the restricted α-expansion, those pixels occluded in
the current label map are not considered as variables, their
labels are not changed and their data terms are also excluded
from (4). We are actually minimizing an energy function on
a subset of pixels,

Eα(x̃) = Ẽα
data(x̃) + Eα

smooth(x̃) (10)

where

x̃ = {xp|p ∈ I0, f(p) �= α ∧ O0(p) = ∅}

and
Ẽα

data(x̃) =
∑

p∈I0∧O0(p)=∅
D(p, fα

x̃ )

Theorem 2 Energy function (10) can be minimized by
graph cut.

The proof is straightforward by checking the regularity
condition for each term in (10) and it is omitted due to space
limitation. The main problem here is that, if a pixel is in-
correctly occluded currently, it does not have a chance to
change its label in restricted α-expansion even if its true
label should be α. This results in a lot of holes in the final
depth map, corresponding to those incorrectly occluded pix-
els (see Figure 1(c)). For most of other visible pixels, how-
ever, restricted α-expansion generates correct result. This
makes a reliable basis for approximation techniques. One
approximation method is described in the following section.

3.4. Approximate α-expansion

As shown in Section 3.2, the data term D0,D1 given
by (6), (7), (8) (when f(p) �= α) and D(p, fα

x ) (9) (when
f(p) = α) cannot be minimized by graph cut when they
either involve more than three variables or do not satisfy
the regularity condition. In the approximate α-expansion,
these terms are not accurately evaluated but estimated in a
way that they can be minimized by graph cut and the max-
imum flexibility is retained to make full use of the power
of graph cut. Since the number of approximated terms usu-
ally account for a small proportion (less than 10% in all
experiments), the approximated energy function is close to
the true one (4) and the minimization gives satisfactory re-
sults in practice. Let such minimized function value be Eest

and resulting optimal variables be xopt. Evaluating function
(4) using xopt gives a value Eopt. The approximation error
|Eopt−Eest|

Eopt
is no more than 1% in all experiments.

Let the probability function P : I0 → [0, 1] measure
the probability that pixel p changes its label to α, P(p) =
Pr(xp = 1). Since restricted α-expansion gives reliable



results on visible pixels, these pixels are assigned a high
certainty ρ (0.9 in the experiment) according to the result of
restricted α-expansion,

P(p) =
{

ρ, fα
x̃ (p) = α

1 − ρ, fα
x̃ (p) �= α

, where fα
x̃ is the label map generated by restricted α-

expansion.
For those occluded pixels, their probabilities are heuris-

tically estimated as

P(p) =
D(p, fα

x̃ )
D(p, fα

x̃ ) + D(p, fα
x̃ (p))

, where fα
x̃ (p) denotes a label map by changing the label of

pixel p to α in fα
x̃ .

Those terms that cannot be manipulated by graph cut are
estimated as follows. In Lemma 1, when |O1(p)| ≥ 3, the
term D1 is approximated as a function of three variables
that satisfies the regularity condition,

D̃1(xq1 , xq2 , xq3) = xq1xq2xq3 · (xp

∏
q∈Õ1(p)

xq)C̃(p, α)
� xq1xq2xq3 · (P(p)

∏
q∈Õ1(p)

P(q))C̃(p, α)
(11)

, where q1, q2, q3 are three pixels in O1(p) with the largest
depths and Õ1(p) = O1(p) − {q1, q2, q3}. Dependency
between variables is ignored here.

In Lemma 2, when O0(p) �= ∅, the term D0 is approxi-
mated as a function of two variables xp and xq∗ ,

D̃0(xp, xq∗) = (1 − xp)(1 − xq∗)(
∏

q∈O0(p) xq)C̃(p, f(p))
� (1 − xp)(1 − xq∗)(

∏
q∈O0(p) P(q))C̃(p, f(p)).

(12)
In Lemma 3, when O0(p) �= ∅, the term D0 is approxi-

mated as a function of one variable xp and this is a special
case of (12) where xq∗ vanishes.

In Lemma 4, when |O0(p)| > 3, the term in (9) is ap-
proximated as a function of three variables and this is a spe-
cial case of (11) where xp vanishes.

3.5. Minimization

The minimization algorithm iterates over all possible la-
bels. The labels are in descending order according to their
frequencies in a label map computed by a simple local
method with a 3×3 window. This strategy slightly improves
the result than using randomly ordered labels. For each la-
bel α, restricted α-expansion is performed at first and ap-
proximate α-expansion is done afterwards. The label map
f is then changed accordingly. Since the energy function is
approximated, convergence cannot be determined and the
algorithm is terminated after two iterations.

For multi-view stereo (n > 2), the data term in energy
function (1) becomes

Edata =
n−1∑
i=1

∑
p∈I0

Di(p, f) =
n−1∑
i=1

∑
p∈I0

(λocc+V f
i (p)·C̃i(p, f(p)).

All techniques described above can be applied similarly. It
is worth noting that those pixels ignored in the restricted α-
expansion are the union of the pixels occluded in any one of
other views.

4. Experiments

Binocular stereo The validity of the occlusion handling
of proposed approach is demonstrated using the binocular
stereo data Map in Figure 1. The scene consists of two large
slanted planar surfaces. Severe occlusion is present on the
left of front surface in the reference image and shown as red
in Figure 1(b). As discussed in Section 3.3, the restricted α-
expansion generates a lot of holes corresponding to incor-
rectly occluded pixels (Figure 1(c)), but is accurate for those
visible pixels. Consequently, the energy function can be
effectively estimated in the approximate α-expansion and
those holes are removed in the final result (Figure 1(d)). Our
result compares favorably with results obtained using other
global energy minimization methods, as shown in second
row in Figure 1.

The results on Tsukuba data is demonstrated in Figure
2. The scene geometry is complex and does not satisfy the
ordering constraint, noticing the long and thin lamp pole in
Figure 2(a). This data consists of five images with cam-
eras located as a cross. The (middle,right) pair is used for
the binocular stereo experiment. For comparison on the
same platform, the algorithms in [4] (short for GC) and [10]
(short for Multicam GC) are implemented on our own. The
results using Multicam GC and our method are shown in
Figure 2(b) and Figure 2(c), respectively. Since the area
between the lamp poles contains few texture information,
those pixels are assigned the front depth incorrectly. This
ambiguity is resolved when more images are used.

Multi-view stereo In the multi-view stereo experiment
for Tsukuba data, the middle image is selected as the refer-
ence image. The results using GC, MultiCam GC and our
method are shown in Figure 2(e), (f) and (g), respectively.
Figure 2(h) is our result without using Esmooth in the en-
ergy function. It shows that the occlusion computing pro-
cess has a global effect and encourages depth smoothness
along epipolar lines, therefore reducing the dependency on
the smoothness term.

The running time and error statistics on Tsukuba data are
reported in Table 2. MultiCam GC and our method generate
results with similar quality, while GC gives noisier results
near the depth discontinuities due to the absence of explicit



occlusion handling. It is worth noting that the error rate eall

for GC using 5 views is even higher than that when using
2 views, that is, the information from more views is actu-
ally harmful. This may reveal the importance of occlusion
handling in multi-view stereo.

Figure 3 shows the results on Garden data consisting of
11 images. The result of GC (Figure 3(c)) is noisier and ob-
vious fore-ground fattening artifacts near the boundary of
the frontal tree can be observed. The second and third rows
are the results by our method and MultiCam GC, respec-
tively. The comparable quality in different cases demon-
strates that MultiCam GC does not gain an advantage over
our method for multi-view stereo. See more discussions in
the caption of Figure 3.

Our method is not obviously advantageous over Multi-
Cam GC in running performance for Tsukuba and Garden
data. This is mainly because our algorithm currently runs
two α-expansions for each label, therefore twice the num-
ber of iterations. In addition, since the image sizes are rel-
atively small (384 × 288 and 344 × 240, respectively), the
saving in the graph cut minimization is not very significant.

For more images with larger size, more running resource
is consumed in the graph cut minimization which simplified
in proposed approach. Therefore our approach becomes
more advantageous by trading little accuracy loss for large
running performance improvement. This is demonstrated
in Figure 4 on the very challenging Samsung data consist-
ing of 11 images with dimension 640 × 486. In MultiCam
GC, if we use the energy function consisting of all two-view
functions, only 7 views can be manipulated on our pc (750
MB memory consumed with maximum 1GB memory). Us-
ing 11 views simultaneously will consume 1.8 GB memory,
while our approach uses 310 MB.

Parameter setting Our algorithm involves a few param-
eters and they are fixed in all the experiments, λocc = 10
and λsmooth = 3. For the matching cost function C (trun-
cated by λocc), we use the pixel dissimilarity measure in [2]
that proves to be insensitive to the image sampling noise. In
our implementation of GC and MultiCam GC, the parame-
ter λsmooth is allowed to vary to obtain the best result, either
by comparison to ground truth or visual inspection when
ground truth is not available. GC method usually needs a
larger λsmooth to achieve results with similar quality.

5. Discussions

The proposed approach is shown to be comparable with
the state of the art. Compared with the multi-view graph
cut approach [10], our formulation significantly reduces the
size of the graph by using much fewer number of pixels
in the occlusion reasoning. Consequently, it computes one
depth map with similar quality more efficiently. This ex-
tends the applicability of using graph cut in stereo.

There leaves a lot of room for improvement. Current
approximate minimization techniques are somewhat heuris-
tic. It is unclear that to what extent the energy function
(4) can be accurately minimized and this may deserve fur-
ther investigation. In the current implementation, actually
two α-expansions are performed for one label. Most of the
computation in the approximate α-expansion is redundant
and this nearly doubles the running time. If more effective
approximation method can be developed to run only one
α-expansion for each label, this can hopefully reduce the
running time nearly by half.
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(a)reference
image

(b)ground truth depth
(occlusion area in red)

(c)our result using only
restricted α-expansion

(d)our final
result

Graph cuts [4] GC+occl [9] MultiCam GC [10] Belief prop [13]

Figure 1. Result for Map data. The second row shows the result in other global energy minimization
methods obtained from middlebury database [1].

using 2 views time eocc edisc eall using 5 views time eocc edisc eall

GC 7 88.5 11.2 4.3 GC 8.6 58.3 18.6 5.46
MultiCam GC 16 31.5 7.1 2.2 MultiCam GC 40 12.4 6.64 1.28

our method 16 37.3 13.4 2.68 our method 38 16.7 5.2 1.30

Table 2. Running time(in seconds) and error statistics(%) for Tsukuba data. A label differing from the
true value by more than one level is considered erroneous. The error rate is computed over occluded
areas (eocc), depth discontinuity areas (edisc) and the entire image (eall), respectively.

(a)reference image (b)MultiCam GC (c)our result (d)ground truth
using two views

(e)GC (f)MultiCam GC (g)our result (h)our result, no Esmooth
using five views

Figure 2. Result for Tsukuba data. The results using GC [4] and MultiCam GC [10] are obtained in
our implementation using best smoothness parameters. The running time and error statistics are
reported in Table 2. Result in (h) demonstrates the effectiveness of occlusion handling without using
smoothness term in the energy function.



(a)reference frame (b)frame 10 (c)result of GC using 11 views

(d)our result using 11 views
time 66 seconds

(e)forward warped image
according to depth map in (d)

(f)our result using 3 views
time 22 seconds

(g) {(i, j)|i < j}
time 713 seconds

(h) {(ref, i)|i �= ref}
time 155 seconds

(i) {(i, i + 1)}
time 150 seconds

Figure 3. Result for Garden data. The third row shows the results of MultiCam GC using different sets
of two-view energy functions. When all possible image pairs are used (g), the result is comparable
to (d) and the running time is proportional (713/66 � 11). If only the image pairs containing reference
image are used, the depth map of reference image is similar to (g), but other depth maps are worse
((h) is the depth map for frame 10 and fore-grounding fattening is obvious) due to the asymmetric
setting. If only consecutive image pairs are considered (i), the result is comparable to (f) which uses
3 consecutive views. This reveals that MultiCam GC method does not gain an advantage over our
approach for multi-view stereo in terms of either quality or running performance.

(a)reference image (b)GC (c)MultiCam GC (d)our result

Figure 4. Result for Samsung data. All results are obtained using 7 views. The running time for
MultiCam GC and our approach is 1200 seconds and 262 seconds, respectively. Our result has
similar quality as in MultiCam GC by inspection, and is smoother than the result by GC.


