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Abstract

In this paper, we formulate an algorithm for the stereo
matching problem with careful handling of disparity, dis-
continuity and occlusion. The algorithm works with
a global matching stereo model based on an energy-
minimization framework. The global energy contains two
terms, the data term and the smoothness term. The data
term is first approximated by a color-weighted correlation,
then refined in occluded and low-texture areas in a repeated
application of a hierarchical loopy belief propagation algo-
rithm. The experimental results are evaluated on the Mid-
dlebury data set, showing that our algorithm is the top per-
former.

1. Introduction

Stereo is one of the most extensively researched topics in
computer vision. Stereo research has recently experienced
somewhat of a new era, as a result of publically available
performance testing such as the Middlebury data set [11],
which has allowed researchers to compare their algorithms
against all the state-of-the-art algorithms.

In this paper, we describe our stereo algorithm, which
is currently evaluating as the top performer on the Mid-
dlebury data set. The algorithm springs from the popular
energy minimization framework that is the basis for most
of the algorithms on the Middlebury top-list, such as graph
cuts [4, 10] and belief propagation [12, 13]. In this frame-
work, there is typically a data term and a smoothness term,
where the data term consists of the matching error implied
by the extracted disparity map, and the smoothness term
encodes the prior assumption that world surfaces are piece-
wise smooth.

However, the algorithm presented in this paper departs
somewhat from the normal framework, in that in the final
stages of the algorithm, the data term is updated based on
the current understanding of which pixels in the reference

image are occluded or unstable due to low texture.
The paper is organized as follows: Section2 gives a

high-level overview of the approach. In Section3 we then
give the detailed equations for all the building blocks. Sec-
tion 4 reports results supporting the claims that the algo-
rithm is currently the strongest available on the Middlebury
data set. Section5 concludes.

2. Overview of the Approach

The algorithm can be partitioned into three blocks, ini-
tial stereo (Figure1), pixel classification (Figure2) and iter-
ative refinement (Figure3). In the initial stereo, see Figure
1, the correlation volume is first computed. A basic way
to construct the correlation volume is to compute the abso-
lute difference of luminances of the corresponding pixels in
the left and right images, but there are many other meth-
ods for correlation volume construction. For instance, Sun
et al. [12] use Birchfield and Tomasi’s pixel dissimilarity
[1] to construct the correlation volume, and Felzenszwalb
[6] suggests to smooth the image first before calculating the
pixel difference. In this work, we are using color-weighted
correlation to build the correlation volume, in a similar man-
ner as was recently described by Yoon and Kweon [17]. The
color-weighting makes the match scores less sensitive to oc-
clusion boundaries by using the fact that occlusion bound-
aries most often cause color discontinuities as well. The
initial stereo is run in turn with both the left and the right
image as reference images. This is done just to support
a subsequent mutual consistency check (often called left-
right check) that takes place in the pixel classification block.
FunctionsEL

S andER
S defining the smoothness costs in the

left and right reference images, respectively, are determined
based on the color gradients in the input images. The left
and right smoothness costs and the left and right correlation
costs are then optimized using two separate hierarchical be-
lief propagation processes. The hierarchical belief propaga-
tion is performed in a manner similar to Felzenszwalb [6],
resulting in the initial left and right disparity mapsD

(0)
L and

1
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DR, respectively. The left disparity map is given an itera-
tion indexi = 0 here, because it will be repeatedly refined
in the iterative refinement module. The outputs needed from
the initial stereo are the initial left and right disparity maps
D

(0)
L andDR, the left correlation volumeCL, the left image

IL and smoothness costEL
S .

In the pixel classification module, see Figure2, pixels
are given one out of three possible labels: occluded, stable
or unstable. The occluded pixels are the ones that fail the
mutual consistency check that is performed using the left
and right disparity maps. The pixels that pass the mutual
consistency check are then labeled stable or unstable based
on a confidence measure derived from the left correlation
volume, which measures if the peak in the correlation score
is distinct enough that the local disparity can be considered
stable. The output from the pixel classification module is
simply the pixel class membership.

In the iterative refinement module, see Figure3, the left
smoothness costEL

S , initial left disparity mapD(0)
L , left im-

ageIL, pixel class membership and left correlation volume
CL are all used as input. The goal here is to propagate in-
formation from the stable pixels to the unstable and the oc-
cluded pixels. This is done using color segmentation and
plane fitting in a way inspired by [14]. In our work, we
use color segments extracted by mean shift [5] applied to
the left input image. In each color segment, the disparity
values for the stable pixels are used in a plane fitting proce-
dure. Note that the disparity values used here are taken from
the current hypothesisD(i)

L for the left disparity map. This
disparity map is first initialized with the left disparity map
D

(0)
L given by the initial stereo module. The result of plane

fitting within color segments is then used together with the
pixel class membership and the left correlation volume to
give the current data term hypothesisE

(i+1)
D , which is used

with the original smoothness costEL
S in hierarchical belief

propagation. Effectively, the plane fitted depth map is used
as a regularization for the new disparity estimation. The
hierarchical belief propagation yields the updated disparity
map hypothesisD(i+1)

L , which is iteratively fed back into
the plane fitting.

3. Detailed Description

In this section, we give a more detailed description of
the building blocks outlined above. The order of description
follows the above outline through Figures1,2 and3.

3.1. Initial Stereo

The main building blocks of the initial stereo module, see
Figure1, are color-weighted correlation, smoothness cost
definition and hierarchical belief propagation.

The objective of the color-weighted cost aggregation is

to initialize a reliable correlation volume. To obtain more
accurate results on both smooth and discontinuous regions,
an appropriate window should be selected adaptively for
each pixel during the cost aggregation step. That is, the
window should be large enough to cover sufficient area in
textureless regions, while small enough to avoid crossing
depth discontinuities. Many methods [9, 3, 15, 16, 8, 2]
have been proposed to solve this ambiguity problem.

In our implementation, we use an amended version of the
color based weight approach proposed recently by Yoon and
Kweon [17]. In this method, instead of finding an optimal
support window, adaptive support-weights are assigned to
pixels in some large window with side-lengthαcw based
both on the color proximity and the spatial proximity to the
pixel under consideration (the central pixel of the support
window).

In Yoon and Kweon’s work, the similarity between
two pixels within the support window is measured in the
CIELab color space. Our approach however simply mea-
sures it in the RGB color space. Due to our post-refinement
process, this change does not prevent us from achieving
state-of-the-art results. However, instead of using a raw
pixel difference, we use Birchfield and Tomasi’s pixel dis-
similarity [1].

The color difference∆xy between pixelx andy (in the
same image) is expressed as

∆xy =
∑

c∈{r,g,b}

|Ic(x) − Ic(y)|, (1)

whereIc is the intensity of the color channelc. The weight
of pixelx in the support window ofy (or vice versa) is then
determined using both the color and spatial differences as

wxy = e−(β−1

cw
∆xy+γ−1

cw
‖x−y‖2), (2)

whereβcw andγcw are parameters determined empirically.
The data term is then an aggregation with the soft win-

dows defined by the weights, as

C(xL,xR)=

∑
(yL,yR)∈WxL

×WxR

wxLyL
wxRyR

d(yL,yR)
∑

(yL,yR)∈WxL
×WxR

wxLyL
wxRyR

,

whereWx is the support window aroundx andd(yL,yR)
represents Birchfield and Tomasi’s pixel dissimilarity,xL

andyL are pixels in the left imageIL, xR andyR are pixels
in the right imageIR.

The smoothness cost should be decreased at depth edges,
since these are likely to coincide with color edges, the lu-
minance difference

δxy = |I(x) − I(y)| (3)

between neighboring pixelsx andy is used to decrease the
cost. The differenceδxy is normalized to span the interval



Figure 1. The initial stereo module. Hierarchical belief propagation is run with both the left and right images as reference image. The data
term used is based on the color-weighted correlation, and the smoothness term is computed based on the color gradients inthe reference
image, see the text for more details.

[0, 1]. The average over the whole frame is then subtracted
out to yield the normalized differenceδnorm. Defining the
cost coefficient

ρs = 1 − δnorm, (4)

the cost assigned to the pixel pair(x,y) is then

ES = ρbpρs|D(x) − D(y)|, (5)

whereρbp is set empirically andD(x) andD(y) are the
disparities ofx andy.

Hierarchical loopy belief propagation [6] is employed to
realize the iterative optimization that trades off betweenthe
data and the smoothness term. The difference between the
hierarchical BP and general BP is that the hierarchical BP
works in a coarse-to-fine manner, first performing BP at the
coarsest scale, then using the output from the coarser scale
to initialize the input for the next scale. Two main parame-
terssbp andnbp define the behavior of this hierarchical be-
lief propagation algorithm,sbp is the number of scales and
nbp is the number of iterations in each scale.

3.2. Pixel Classification

The main building blocks of the pixel classification, see
Figure2, are the mutual consistency check and the correla-
tion confidence measure.

The mutual consistency check requires that on the pixel
grid that the left and right disparity maps are computed, they
are perfectly consistent, i.e. that

DL(xL) = DR(xL − DL(xL)) (6)

for a particular pixelxL in the left image. If this relation
does not hold, the pixel is declared occluded. If it does
hold, the pixel is declared unoccluded and passed on to the
correlation confidence measure.

The correlation confidence is measuring how distinct the
best peak in the correlation is for a particular pixel. Assume
that the cost for the best disparity value isC1, and the cost
for the second best disparity value isC2. The correlation
confidence is then

|
C1 − C2

C2
|. (7)

If it is above a thresholdαs the pixel is declared stable,
otherwise unstable.



Figure 2. The pixel classification module. Pixels are classified into occluded pixels, unstable pixels and stable pixels. The occluded pixels
are the ones that fail a mutual consistency check. The unoccluded pixels are then further divided into stable and unstable pixels based on a
confidence measure derived from the correlation volume.

Figure 3. The iterative refinement block, where the goal is topropagate information from the stable pixels to the unstable and the occluded
pixels. Mean shift color segmentation is used to derive segments. Within each segment plane fitting is then applied to thestable pixels,
using the depth values from the current disparity map hypothesis. The resultD(i)

pf from the plane fitting is then used together with the

correlation volume and the pixel class membership to produce a new approximationE(i+1)
D of the data term. The data term is used with the

original smoothness term in another round of hierarchical belief propagation. This gives a new disparity map hypothesis D
(i+1)
L , which is

fed back into the process.



3.3. Iterative Refinement

The main building blocks of the iterative refinement, see
Figure3, are the mean shift color segmentation, plane fitting
within segments, the data term formulation, and another hi-
erarchical belief propagation process identical to the previ-
ous ones.

The mean shift color segmentation is performed as de-
scribed in [5].

The plane fitting is performed in the disparity space,
and is applied per segment. This is done robustly using
RANSAC [7] on the disparity values of the stable pixels
only. The outputD(i)

pf from this step is computed individu-
ally for each segment and depends on on the ratio of stable
pixels of this segment. If the ratio of stable pixels is above
a parameter valueηs, this means most of the current dispar-
ity values for the segment are approximated accurately so
we useD(i)

L for the stable pixels, and for the unstable and
occluded pixels we use the result of the plane fitting. If the
ratio of stable pixels is belowηs we use the result of the
plane fitting for all pixels.

The data term is formulated differently for the occluded,
unstable and stable pixels. The absolute difference

ai = |D
(i+1)
L − D

(i)
pf | (8)

between the new disparity mapD(i+1)
L and the plane fitted

disparity mapD(i)
pf is used to regularize the new estimation

process. The difference is used to define the data term at the
occluded, unstable and stable pixels as

E
(i+1)
D = κoai, (9)

E
(i+1)
D = CL + κuai, (10)

E
(i+1)
D = CL + κsai, (11)

respectively. The constantsκo, κu, κs reflect the fact that
the unstable and occluded pixels need the most regulariza-
tion.

3.4. Parameter Settings

In this section, we provide all the parameter settings used
in the algorithm. The same parameter settings were used
throughout.

The parameters are shown in Table1 and separated into 4
parts: 3 parameters (αms, βms, γms) for the mean shift seg-
mentation, 3 parameters (αcw, βcw, γcw) for color-weighted
correlation, 6 parameters (αbp, ηbp, ρbp, λbp, sbp, nbp) for
hierarchical belief propagation, and 6 parameters (κs, κu,
κo, αs, ηs, ns ) for iterative refinement.

For mean shift color segmentation,αms is spatial band-
width, βms is color bandwidth, andγms is the minimum
region size.

Mean Shift αms βms γms

Segmentation 7 6 50
Color-Weigh. αcw βcw γcw

Correlation 33 10 21
Hierarchical αbp ηbp ρbp λbp sbp nbp

BP nd/8 2c 1 0.2 5 5
Iterative κs κu κo αs ηs ns

Refinement 0.05 0.5 2 0.04 0.7 5

Table 1. Parameter settings used throughout.nd is the number of
disparity levels.c is the average of the values in the correlation
volume.

For color-weighted correlationαcw is the size of the sup-
port window andβcw andγcw are defined in Equation (2).

For hierarchical BP,αbp andηbp are truncations of the
smoothness and data terms, respectively. The parameter
ρbp is the constant weight factor applied to the smoothness
term andλbp is a constant weight factor applied to the data
term after the truncation. The parametersbp is the number
of scales andnbp is the number of iterations, as defined in
Section3.1.

Parametersκs, κu andκo for the iterative refinement are
defined in Equations (9), (10) and (11), respectively. αs

is the threshold on correlation confidence defined in Sec-
tion 3.2. Parameterηs is related to the plane fitting process,
as defined in Section3.3. The parameterns is the number
of iterations for the iterative refinement process.

4. Experimental Results

We evaluate our algorithm on the Middlebury data set
and we show in Table2 that our algorithm outperforms all
the other algorithms listed on the Middlebury homepage.
The result on each data set is computed by measuring the
percentage of pixels with an incorrect disparity estimate.
This measure is computed for three subsets of the image:

• The subset of non-occluded pixels, denoted “nonoccl”.

• The subset of pixels near the occluded regions, denoted
“disc”.

• The subset of pixels being either non-occluded or half-
occluded, denoted “all”.

For the first two categories our algorithm takes the first
place for all four test sets. For the third category we take
first or second place for all test sets. By consistently per-
forming first or second on all test subsets our average rank
is 1.3.

In Figure6 the results after different intermediate stages
are shown. This provides a visual explanation of how the
different stages in the pipeline improves the results. For
comparison we also give the ground truth. The scores for



Avg. Tsukuba Venus Teddy Cones
Algorithm Rank nonocc all disc nonocc all disc nonocc all disc nonocc all disc

Our Algorithm 1.3 0.881 1.291 4.761 0.141 0.602 2.001 3.551 8.712 9.701 2.901 9.242 7.801

Segm+visib [2] 3.3 1.305 1.572 6.926 0.794 1.063 6.766 5.002 6.541 12.32 3.723 8.621 10.24

SymBP+occ [13] 3.4 0.972 1.753 5.092 0.162 0.331 2.192 6.474 10.73 17.04 4.797 10.76 10.95

AdaptWeight [17] 4.4 1.386 1.854 6.905 0.713 1.194 6.134 7.885 13.35 18.66 3.975 9.794 8.262

SemiGlob [8] 5.8 3.2610 3.969 12.813 1.005 1.575 11.310 6.023 12.24 16.33 3.062 9.753 8.903

Table 2. Comparison of results on the Middlebury data set. The numbers are the percentage of pixels with misestimated disparities on the
different subsets of the images. The subscript of each number is the rank of that score. Our algorithm has rank 1 for most categories and
rank 2 at worst. This gives an average rank of1.3.

the intermediate results are given in Figure7 along with
D

(5)
L SPECIAL, which is the same asD(5)

L except that we
do not use the colors of the reference image to define the
smoothness cost, which has a strong impact on the Teddy
and Cones data sets.

In Figure4 and Figure5, it is shown how an increased
number of iterations in estimatingED improves the result.
Zero iterations in Figure4 means that we useD(0)

L , the ini-
tial disparity map. Based on this we chose to use five itera-
tions in our method.

5. Conclusions

In this paper, a stereo model based on energy minimiza-
tion, color segmentation, plane fitting, and repeated applica-
tion of hierarchical belief propagation was proposed. Typi-
cally, one application of the hierarchical belief propagation
brings the error down close to its final value, so that the
algorithm could perhaps be used as a two step approach,
where occlusions and untextured areas are first detected and
then filled in from neighboring areas.

The parameters provided constitute a good setting for the
algorithm, but are not entirely optimized. More studies are
needed to fully understand the behavior of our algorithm.
Our algorithm is outperforming all other algorithms on the
Middlebury data set, but there is space left for improvement.
For instance, in our algorithm, we only refined the dispar-
ity map for the reference image, but [13] suggests that by
generating a good disparity map for the right image, the
occlusion constraints can be extracted more accurately. An-
other question that was left for further study is how to use
the algorithm in a multi-view setting.
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