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ABSTRACT

We propose a new stereo algorithm which uses colour
segmentation to allow the handling of large untextured re-
gions and precise localization of depth boundaries. Each
segment is modelled as a plane. Robustness of the depth
representation is achieved by the use of a layered model.
Layers are extracted by mean-shift-based clustering of
depth planes. For layer assignment a global cost function
is de ned. The quality of the disparity map is measured by
warping the reference image to the second view and com-
paring it with the real image. Z-buffering enforces visibility
and allows the explicit detection of occlusions. An ef cient
greedy algorithm searches for a local minimum of the cost
function. Layer extraction and assignment are alternately
applied. Results obtained for benchmark and self-recorded
images indicate that the proposed algorithm can compete
with the state-of-the-art.

1. INTRODUCTION

In our work we propose a stereo algorithm that represents
the scene as a collection of planar layers. As a result we
obtain piecewise smooth surface reconstructions and real-
valued disparity estimates providing a high precision. Our
algorithm explicitly addresses major problems arising in
stereo computation. Large untextured regions are handled
by applying colour segmentation to the reference image.
Smoothness inside the derived segments is enforced by the
use of a planar model representing each segment’s disparity.
Colour segmentation also allows the accurate localization of
depth discontinuities. Occlusions in the reference and in the
second view are detected and handled in a layer assignment
step. Furthermore, we model smoothness across segments.

For a review of prior work we refer to [1], who give
an extensive survey on recent stereo algorithms. In the fol-
lowing, we summarize the works most relevant to our ap-
proach. A model of planar layers for stereo was used in
[2]. A surface tting and a surface assignment step are al-
ternately applied until convergence. For assigning pixels
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to surfaces a graph-based method is used. The work was
extended in [3] with the most signi cant difference being
the strictly symmetrical treatment of input images. In [4]
the mean-shift algorithm was used for the extraction of pla-
nar layers in motion. Among prior work, the most simi-
lar to ours is the approach by Tao et al. [5]. We share the
ideas of image warping for measuring the quality of a depth
solution and hypothesizing depth from neighbouring seg-
ments. In contrast to Tao et al., we use a layered representa-
tion providing more robust depth solutions. A different cost
function accounts for occlusions in both views and smooth-
ness across segments. Furthermore, we compute new planar
models throughout the whole process and achieve a higher
amount of ef ciency in our layer assignment step.

2. ALGORITHM

In the following, we describe the algorithm’s building
blocks and then show their integration into the overall algo-
rithm. The input to our algorithm is formed by two epipolar
recti ed images. Throughout this paper, we refer to regions
of homogeneous colour as segments. Layers are groups
of segments that can be approximated by the same planar
equation.

2.1. Colour segmentation and planar model

We assume that for regions of homogeneous colour the dis-
parity varies smoothly and depth discontinuities coincide
with the boundaries of those regions [4, 5, 6], which holds
true for most natural scenes. This assumption is incorpo-
rated by applying colour segmentation to the reference im-
age and by using a planar model to represent the disparity
inside the derived segments. It is generally safer to overseg-
ment the image to ensure that this assumption is met. For
segmentation we use the algorithm proposed in [7]. The
resulting colour segmentation for a well-known stereo pair
from the University of Tsukuba is shown in gure 1c.

We compute a sparse initial disparity map using a win-
dow-based method which exploits the results of the image
segmentation. We calculate the sum of absolute differences
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Fig. 1. Coloursegmentationandinitial disparitymap. (a)
Left image. (b) Groundtruth providedwith imagepair. (c)
Computedcolour segmentation. (d) Computedinitial dis-
parity map.Invalid pointsarecolouredblack.

(SAD) with asmall(3 3) window. Crossvalidationis ap-
pliedto Iter outoccludedpointsandareasof low texture,
wheredisparity estimatedendto be unreliable. Similar to

[6], we label thosesegmentsthat have a density of valid

points> 50%asreliable. For reliablesegmentswe reduce
the searchscopebasedon the minimumandmaximumdis-

parity of valid pointsinsidethe segment. The reductionof

the searchscopehelpsto propagte good disparity inside
the sgment. The processcanoptionally be repeatedvith

increasingwindow sizes,leaving the alreadyfound valid

points unchanged.Using larger windows performsbetter
in less-teturedregions,but alsointensi esthewell-known

foregroundfatteningeffect. Figureld shavstheinitial dis-
parity map calculatedfor the Tsukubaimage using only

a3 3 window. A robustversionof the methodof least
squarederrorsis then usedto derive a plane equationfor

eachsegment. Theplaneis thereby tted to all valid points
of the initial disparity mapinsidethe sggment. The com-
putedplaneswill beusedin thelayerextractionstep.

2.2. Layer extraction

Onesinglesurfaceof therealworld will usuallybe divided
into several sggmentsby applying colour sggmentation.
However, for sgmentsof the samesurfacethe planarmod-
elsshouldbevery similar, aslong asthe surfacecanbewell
approximatedas a plane. Following this idea, we project
eachsegmentinto a 5-dimensionafeaturespaceconsisting
of 3 planeparameterand2 spatialparametersepresenting
the centerof gravity. Segmentsof the samesurfaceshould
thennaturallybuild a clusterin this featurespace We usea
modi ed versionof themean-shifalgorithm[8] for extract-
ing clusters.Membersof the sameclusterbuild alayer. For
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Fig. 2. The warping operation. (a) Sgmentsand corre-
spondingdepthin thereferenceview. (b) Segmentswarped
to the secondview accordingto their depthplanes.

deriving alayer's planeequatiornwe usetheinitial disparity
map.Rokustplane tting is appliedto thevalid pointsof all
segmentshelongingto the layer

2.3. Layer assignment

In a hypothesigestingframeavork we assigneachsegment
to a layer The optimality of the assignments measured
by a global costfunction. The basicideabehindthe cost
functionis thatif we warpthe referenceémageto the sec-
ondview accordingo thecorrectdisparitymap,thewarped
image shouldbe very similar to the real imagefrom this
viewpoint. Translatedo our costfunction,we calculatethe
colour dissimilarity betweenthe warpedandthe real view
for all pixelsvisiblein thewarpedimage.Theimplemented
warpingoperations illustratedin gure 2. Visibility is nat-
urally enforcedusinga Z-buffer thatrepresentshe second
view. If aZ-buffer cell containsmorethanone pixel, only
the pixel with the highestdisparityis visible andthe others
areoccludedn thesecondriew. EmptyZ-buffer cellsrepre-
sentocclusiondn thereferencéamage.In our costfunction
we have to penalizeevery detecteddcclusion,sinceother
wise declaringall pixelsasoccludedwould be a trivial op-
timum. The last term accountsfor modelling smoothness
acrosssggments.We introducea discontinuitypenaltythat
is givenif two neighbouringpixels (in 4-connectiity) are
assignedo differentlayersin the referenceémage. Sum-
marisingtheabove, we de ne the costfunction

X
C= d(W(p); R(P)) + Nocc occ + Ndisc disc (1)
p2V

with V beingthe setof visible pixels, d(W (p); R(p)) be-
ing the dissimilarity function of the pixel p in the warped
imageW (p) andin therealsecondview R(p), whichisim-
plementedasthe summedup absolutedifferencesof RGB



