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

In this paper, we formulate an algorithm for the stereo high-level overview of the approach. In Secti®mve then
matching problem with careful handling of disparity, dis- give the detailed equations for all the building blocks. -Sec
continuity and occlusion. The algorithm works with tion 4 reports results supporting the claims that the algo-
a global matching stereo model based on an energy-rithm is currently the strongest available on the Middlgbur
minimization framework. The global energy contains two data set. Sectioh concludes.
terms, the data term and the smoothness term. The data
term is first approximated by a color-weighted correlation, 2 QOyerview of the Approach
then refined in occluded and low-texture areas in a repeated
application of a hierarchical loopy belief propagation alg The algorithm can be partitioned into three blocks, ini-
rithm. The experimental results are evaluated on the Mid- tial stereo (Figuré), pixel classification (Figurg) and iter-
dlebury data set, showing that our algorithm is the top per- ative refinement (Figur8). In the initial stereo, see Figure
former. 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 i
the left and right images, but there are many other meth-
ods for correlation volume construction. For instance, Sun

Stereo is one of the most extensively researched topicsiret al. [L7] use Birchfield and Tomasi's pixel dissimilarity
computer vision. Stereo research has recently experiencedl!] to construct the correlation volume, and Felzenszwalb
somewhat of a new era, as a result of publically available [6] suggests to smooth the image first before calculating the
performance testing such as the Middlebury data 58t [  pixel difference. In this work, we are using color-weighted
which has allowed researchers to compare their algorithmscorrelation to build the correlation volume, in a similarma
against all the state-of-the-art algorithms. ner as was recently described by Yoon and Kweaoh [The

In this paper, we describe our stereo algorithm, which color-weighting makes the match scores less sensitive-to oc
is currently evaluating as the top performer on the Mid- clusion boundaries by using the fact that occlusion bound-
dlebury data set. The algorithm springs from the popular aries most often cause color discontinuities as well. The
energy minimization framework that is the basis for most initial stereo is run in turn with both the left and the right
of the algorithms on the Middlebury top-list, such as graph image as reference images. This is done just to support
cuts {4, 10] and belief propagationi, 13]. In this frame- a subsequent mutual consistency check (often called left-
work, there is typically a data term and a smoothness term,right check) that takes place in the pixel classificatiorcklo
where the data term consists of the matching error implied FunctionsE; and E{ defining the smoothness costs in the
by the extracted disparity map, and the smoothness ternmleft and right reference images, respectively, are detegthi
encodes the prior assumption that world surfaces are piecebased on the color gradients in the input images. The left
wise smooth. and right smoothness costs and the left and right correlatio

However, the algorithm presented in this paper departsCosts are then optimized using two separate hierarchieal be
somewhat from the normal framework, in that in the final lief propagation processes. The hierarchical belief pgapa
stages of the algorithm, the data term is updated based oriion is performed in a manner similar to Felzenszwalp [
the current understanding of which pixels in the reference resulting in the initial left and right disparity ma[bE(LO) and

1. Introduction
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Dg, respectively. The left disparity map is given an itera- to initialize a reliable correlation volume. To obtain more
tion index: = 0 here, because it will be repeatedly refined accurate results on both smooth and discontinuous regions,
in the iterative refinement module. The outputs needed froman appropriate window should be selected adaptively for
the initial stereo are the initial left and right disparityaps each pixel during the cost aggregation step. That is, the
D(LO) andDp, the left correlation volumé', the leftimage window should be large enough to cover sufficient area in
I, and smoothness coBt:. textureless regions, while small enough to avoid crossing
In the pixel classification module, see Figutepixels  depth discontinuities. Many methods, [3, 15, 16, 8, 7]
are given one out of three possible labels: occluded, stablehave been proposed to solve this ambiguity problem.
or unstable. The occluded pixels are the ones that fail the  Inourimplementation, we use an amended version of the
mutual consistency check that is performed using the left color based weight approach proposed recently by Yoon and
and right disparity maps. The pixels that pass the mutualKweon [L7]. In this method, instead of finding an optimal
consistency check are then labeled stable or unstable basespport window, adaptive support-weights are assigned to
on a confidence measure derived from the left correlationPixels in some large window with side-length., based
volume, which measures if the peak in the correlation scoreboth on the color proximity and the spatial proximity to the
is distinct enough that the local disparity can be consitlere Pixel under consideration (the central pixel of the support
stable. The output from the pixel classification module is Window).
simply the pixel class membership. In Yoon and Kweon’'s work, the similarity between
In the iterative refinement module, see Figrehe left WO pixels within the support window is measured in the
smoothness codt, initial left disparity mapD(LO), left im- CIELa_b_coIor space. Our approach however S|mp_ly mea-
agely, pixel class membership and left correlation volume sures itin the RGB color space. Due to our post-refme_me_nt
C;, are all used as input. The goal here is to propagate in-process, this change does not pre_vent us from. achieving
formation from the stable pixels to the unstable and the OC_st_ate-qf-the-art results. However, instead of-,usw.]g a raw
cluded pixels. This is done using color segmentation andgi'ﬁlla(::ge[rle]nce' we use Birchfield and Tomasi's pixel dis-
lane fitting in a way inspired bylf]. In our work, we L . :
Ese color sgegments yextraF::ted bg//lrgrll]ean shifftajpplied to The_ color d_|fferenceﬁxy between pixek andy (in the
the left input image. In each color segment, the disparity same image) is expressed as
values for the stable pixels are used in a plane fitting proce-
dure. Note that the dizparity values used Eere are tagk(fn from Axy = Z e(®) = L(y)l; (1)
the current hypothesiB(Ll) for the left disparity map. This cetrob)
disparity map is first initialized with the left disparity ma  wherel. is the intensity of the color channel The weight
D'?) given by the initial stereo module. The result of plane of pixel x in the support window of (or vice versa) is then
fitting within color segments is then used together with the determined using both the color and spatial differences as
pixel class membership and the left correlation volume to

give the current data term hypotheﬁigﬂ), which is used Wxy = ¢€

with the qriginal sm_oothness coEtg i_n hierarchical be_lief wheres,.,, andn.., are parameters determined empirically.
propagation. Effectively, the plane fitted depth map is used The data term is then an aggregation with the soft win-
as a regularization for the new disparity estimation. The dows defined by the weights, as

hierarchical belief propagation yields the updated digpar
map hypothesi|"™), which is iteratively fed back into Dy iy r) EWae, x Wi, Wxeyr WxnyndY LY R)
the plane fitting. Clxrxr) =

—(Bew Ay +7cw lIx=¥l2) )

)
Z(yL.,yR)eWxLxWxR Wxpy,Wxryn

3. Detailed Description whereWy is the support window around andd(yr,yr)
represents Birchfield and Tomasi’s pixel dissimilarigy,
In this section, we give a more detailed description of andy;, are pixels in the leftimagk; , x andy  are pixels
the building blocks outlined above. The order of descriptio  in the right imagd .
follows the above outline through Figuré2 and3. The smoothness cost should be decreased at depth edges,
since these are likely to coincide with color edges, the lu-
3.1. Initial Stereo minance difference

The main building blocks of the initial stereo module, see Oxy = |1(x) — I(y)] 3)
Figure 1, are color-weighted correlation, smoothness cost
definition and hierarchical belief propagation. between neighboring pixetsandy is used to decrease the
The objective of the color-weighted cost aggregation is cost. The differencéy, is normalized to span the interval
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Figure 1. The initial stereo module. Hierarchical beliedgmgation is run with both the left and right images as refezémage. The data
term used is based on the color-weighted correlation, amdnioothness term is computed based on the color gradietiits neference
image, see the text for more details.

[0,1]. The average over the whole frame is then subtracted3.2. Pixel Classification

out to yield the normalized differen@g,,.,,. Defining the

cost coefficient

ps =1

- 5norma

the cost assigned to the pixel pax, y) is then

ES - pbpps|D(x) - D(Y)|a

where py,, is set empirically andD(x) and D(y) are the

disparities ofx andy.

Hierarchical loopy belief propagatiof][is employed to
realize the iterative optimization that trades off betw#en

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

tion confidence measure.
(4)

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

(5) Dp(xr) = Dr(xp — Dr(xr)) (6)

for a particular pixelky, 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

data and the smoothness term. The difference between th&est peak in the correlation is for a particular pixel. Assum
hierarchical BP and general BP is that the hierarchical BP that the cost for the best disparity valugds, and the cost
works in a coarse-to-fine manner, first performing BP at the for the second best disparity value@s. The correlation
coarsest scale, then using the output from the coarser scaleonfidence is then

to initialize the input for the next scale. Two main parame- |
terss, andny, define the behavior of this hierarchical be- &

ML (7)

lief propagation algorithms,,, is the number of scales and If it is above a thresholdy, the pixel is declared stable,
npp IS the number of iterations in each scale.

otherwise unstable.
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Figure 2. The pixel classification module. Pixels are cfassinto occluded pixels, unstable pixels and stable pixEte occluded pixels
are the ones that fail a mutual consistency check. The undedlpixels are then further divided into stable and unstpixels based on a
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Figure 3. The iterative refinement block, where the goal j[grapagate information from the stable pixels to the unstabl the occluded
pixels. Mean shift color segmentation is used to derive sggs Within each segment plane fitting is then applied tcsthble pixels,
using the depth values from the current disparity map hygsith The resulD}‘f} from the plane fitting is then used together with the
correlation volume and the pixel class membership to preducew approximatioEg“) of the data term. The data term is used with the
original smoothness term in another round of hierarchieiebpropagation. This gives a new disparity map hypoﬂ@%*”, which is

fed back into the process.



3.3. lterative 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 theipre
ous ones.

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

The plane fitting is performed in the disparity space,
and is applied per segment. This is done robustly using

Mean Shift Qms | Bms | Yms
Segmentation] 7 6 50
Color-Weigh. | acw | Bew | Yew
Correlation 33 10 21
Hierarchical Qbp Mop | Pop | Aop | Stp | Top
BP nq/8 | 2¢ 1 02| 5 5
Iterative K Ko Ko o Ns | Ms
Refinement | 0.05| 0.5 2 1004(07| 5

Table 1. Parameter settings used througheutis the number of
disparity levels.¢ is the average of the values in the correlation

RANSAC [7] on the disparity values of the stable pixels volume.

only. The outputDS; 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 valugy, this means most of the current dispar-

ity values for the segment are approximated accurately so

we useD(Lz) 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 belows 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 = DY — DY) (8)

between the new disparity mdD(Li“) and the plane fitted

disparity mapDI(ff) is used to regularize the new estimation

For color-weighted correlatiom,., is the size of the sup-
port window and3..,, and~., are defined in Equatior2].

For hierarchical BP,, andn, are truncations of the
smoothness and data terms, respectively. The parameter
pup 1S the constant weight factor applied to the smoothness
term and);, is a constant weight factor applied to the data
term after the truncation. The parametgy is the number
of scales andy, is the number of iterations, as defined in
Section3.1

Parameters;,, x, andx, for the iterative refinement are
defined in Equations9j, (10) and (1), respectively. a
is the threshold on correlation confidence defined in Sec-
tion 3.2. Parameter, is related to the plane fitting process,
as defined in SectioB.3. The parameten is the number
of iterations for the iterative refinement process.

process. The difference is used to define the data term at the

occluded, unstable and stable pixels as

ESTY = koa, (9)
EVY = O+ kyai, (10)
BV = O+ keai, (11)

respectively. The constants,, x,, x5 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 Tablend separated into 4
parts: 3 parameters, s, Sms, Yms) fOr the mean shift seg-
mentation, 3 parameters (., Scw, Yew) fOr color-weighted
correlation, 6 parametersuy, Mop, Pop, Aops Sbps Tbp) fOr
hierarchical belief propagation, and 6 parameters .,
Ko, (s, Ms, Mg ) fOr iterative refinement.

For mean shift color segmentatiom,, s is spatial band-
width, 3,,, is color bandwidth, and,,, is the minimum
region size.

4. Experimental Results

We evaluate our algorithm on the Middlebury data set
and we show in Tabl@ 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:

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

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

e 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 | 0.88. 1.29. 4.76. |_0.14, 0.60. 2.00. | 3.565. 8.71. 9.70. | 2.90. 9.24, 7.80.
Segm-+visib?] | 3.3 1.30s 1.57: 6.92¢ | 0.79. 1.06s 6.76s | 5.00. _6.54: 12.3: | 3.725 _8.62: 10.24
SymBP+ochS] 34 0.97. 1.75s 5.09. | 0.16. 0.33: 2.19. | 6.47. 10.7s 17.0. | 4.79; 10.7¢ 10.9s
AdaptWeight [L7]| 4.4 1.38s 1.85. 6.90s | 0.71s 1.19. 6.13. | 7.88s 13.3s 18.6s | 3.97s 9.79. 8.26:
SemiGlob B] 5.8 | 3.2610 3.96s 12.813| 1.00s 1.57s 11.3w | 6.025 12.2. 16.3s | 3.06. 9.75s 8.90s

Table 2. Comparison of results on the Middlebury data see fiimbers are the percentage of pixels with misestimataudigs on the
different subsets of the images. The subscript of each nuisliiee rank of that score. Our algorithm has rank 1 for mostgiaies and
rank 2 at worst. This gives an average rank &f

the intermediate results are given in Figura@long with Tsukuba Venus
D'®) SPECIAL, which is the same a3'” 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 5
number of iterations in estimatingp improves the result. Nr. Iterations Nr. Iterations
Zero iterations in Figuréd means that we usB(LO), the ini-
tial disparity map. Based on this we chose to use five itera-
tions in our method.
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Figure 4. The iterated computationslﬁﬁ“) improves the result.

In most cases one iteration is enough for convergence. Aier
iterations, the result has always converged.

In this paper, a stereo model based on energy minimiza-
tion, color segmentation, plane fitting, and repeated appli
tion of hierarchical belief propagation was proposed. Typi
cally, one application of the hierarchical belief propagat
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 anc ) AR, , ST,
then filled in from neighboring areas. | Vet i

The parameters provided constitute a good setting forthe — » . j o “
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, bty suggests that by ) S IC A , oy
generating a good disparity map for the right image, the Vet Lo
occlusion constraints can be extracted more accurately. An T e T '
other question that was left for further study is how to use
the algorithm in a multi-view setting.
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