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ABSTRACT sizes and shapes depending on the image position (e.g., [1])

Local st tchina h { . dl However, the moderate results of these early approaches are
ocalstereo matching has recently experiencediarge @ssgr general not able to compete with state-of-the-art athors

by the introduction of new support aggregation scheme§hat typically rely on global optimization [2].

These approaches estimate a pixel's support region via colo Local stereo matching has recently experienced a renais-

?:rgz;nc(zg?tlﬁgﬁir?utrh?sogérltr)ggztnaggi 'Tniir;jgr;p;oniﬁemmenthogsance with the upcome of novel segmentation-based support
P 9 9 : 4 PP aggregation schemes. These methods can deliver resudés clo

window, we compute the geodesic distance from all pixels t(fo the quality of global approaches. They assume that pix-

the window’s center pixel. Pixels of low geodesic distance ; :
els of homogeneous color share the same disparity value.

are given high support weights and therefore large influencElence it is reasonable to find a pixel's support region véa th
in the matching process. In contrast to previous work, we en- '

= ) o use of color segmentation. In the original adaptive weight
force connectivity by using the geodesic distance transfor 9 g P 9

- 4 ; . pproach [3], weights are computed for all pixels within a
For obtaining a high support weight, a pixel must have a patF’iquare window. These weights regulate a pixel’s influence in

o . - . the matching process. A pixel's weight is thereby inversely
significantly. This connectivity property leads to imprave proportional (i) to its color dissimilarity to the window’s

segmentation results and consequently to improved digpari eéner pixel and (ii) to its spatial distance from the center

maps. The success of our geodesic approach is demonstraf:e . . :
on the Middlebury images. According to the Middlebury e Alternative methods for computing these weights have

benchmark, the proposed algorithm is the top performer en proposed recently. The work of [4, 5] suggest; us-
ing a precomputed (mean shift-based) color segmentation in
among local stereo methods at the current state-of-the-art

the weight calculation. While this approach seems to work
Index Terms— Local stereo, segmentation-based stereoslightly better, it takes away some elegance by “outsogtcin
adaptive support weights, geodesic distance transform the segmentation into a preprocessing step that also cassum
additional processing time. In the context of prior worlsaal
the approach of [6] is mentioned. Here, weight computation
is accomplished via energy minimization. For more details

Local stereo matching algorithms center a support window of"d €valuation of related aggregation methods, the reader i
a pixel of the reference image. This window is then displacetﬁeferred to two recent studies [7, 8].
in the second view along the corresponding epipolar line in
order to find a matching point of maximum correspondence. 2. ALGORITHM
The major challenge in local stereo is to find a well-suited
size for the typically square support window. A window 2.1. Local Matching with Geodesic Support

should thereby be large enough to capture sufficient intensi The basic id fthi is t te th t weiaht
variation for handling regions of poor texture. At the same € basiC ldea ol this paper IS to compulte the support weights
ithin a square window via the use of geodesic distances.

time, the window should be small enough to notinclude pixel his i lained as foll Th desic dist
of different disparities in order to avoid the well-knownged IS IS explained as Toflows. 1he geodesic s aﬁt{_@, ©) ,
between a pixep of the support window and the window’s

fattening effect at disparity discontinuities. In praetithere tere is defined as the shortest path that otith
is no golden middle between these conflicting requirementé:.erl €rc1s defined as the shortest pa atconng ¢

This has led to a long track of research that varies window/" the color volume:

1. INTRODUCTION
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Program. P is defined as a sequence of spatially neighbouring points in
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Fig. 1. Supportregions for selected windows of the Middleburyges (First row) Image crops. (Second row) Support weights
computed by the adaptive weight method [3]. The segmemtatiethod gives relatively high support weights to pixels séo
disparity is different from that of the center pixel (seeoars). (Third row) Our geodesic support weights. Due to esifay
connectivity, such wrong high weights are avoided.

'

8-connectivity{p1, p2,--- ,pn}. The costsi() of a path are user. The functiory(p, ¢) computes the color dissimilarity
computed by between a pixep of the reference image and a pixedf the
match view. In principle, one can use equation (3) to imple-
ment f(). However, we have chosen Mutual Information [9]
d(P) = : de(pi,pi-1). @) in order to handle illumination differences that may exist b
tween the two input images. In addition, we put an upper

with dc() being a function that determines the color differ-boundf,... on the pixel dissimilarity so that values exceed-

ence. This function is implemented by iNg fmae are truncated. This serves to reduce the influence of
occluded pixels [10].
de(p,q) = \/(Tp — )2+ (gp — 9¢)2 + (by — b)2  (3) Finally, we obtain a disparity map by determining the dis-

parity d,, of each pixelp of the reference view using local

wherer,, g, andb, are the values gf's RGB channels. Intu- Optimization:

itively spoken, the geodesic distance from pipebd the win- d, = argmin m(p, d) (6)

dow centek: is low, if there exists a path between these points dep

along which the color varies only slightly. We refer to this whereD represents the set of all allowed disparities. In fact,

property agonnectivity. there is nothing that speaks against replacing this Winner-
We assume that pixels of low geodesic distance lie orTakes-All strategy with a global optimization techniquetsu

the same disparity asitself. Low geodesic distances should as graph-cuts or belief propagation. This would most likely

therefore convertinto high support weights. The functigh  further improve the quality of results.

implements this by

D(p, c)) @ 2.2. Geodesic versus Original Adaptive Weights

i) = (2

Let us use the support weight examples of figure 1 to illus-
te the advantage of our geodesic approach over the method
of [3]. Figure la shows an artificial image in which a fore-

é‘;round object is placed in front of a background object of

similar color. For computing the support weights, the orig-
inal adaptive weight method just considers the color differ
ence and the distance to the center pixel. In our example, it
therefore erroneously gives high weights to background pix
_ ) _ els. In contrast to this, our approach can successfully leand

m(e,d) = Z wipse)- fp,p = d) ®) this example by considering the whole structure of the im-

age patch. Recall that our geodesic computation requiags th

with W, representing all pixels of the square support windowthere is a path of approximately constant color to the center
centered on pixatl. The window size is thereby given by the pixel. For background pixels, such a constant color patls doe

with v being a user-defined parameter that defines the streng
of the resulting segmentation.

Once the support weights are know, they are exploite
to aggregate pixel dissimilarities within the support wond
The aggregated matching costs for a pixal disparityd are
derived by

PEW.



K, 2b. Forward and backward passes are iterated. (In our exper-
iments, we found 3 iterations to be sufficient for giving rea-
p p sonable results.) The final cosi§p) represent our estimate

of the geodesic distance ptto the center pixel.

K,
(a) (b)

Fig. 2. Efficient approximation of the geodesic distance insid
the support window. (a) Forward pass. (b) Backward pass.

©.4. Occlusion Detection and Filling

Up to this point we have ignored the occlusion problem. In

not exist due to the edge that separates the foreground froffder to detect occlusions, we follow common practice in lo-
the background object. Figures 1b and 1c show this effect of@l Stereo by applying left-right consistency checking. We
real-world images. Figures 1b thereby uses the same imaderefore use the algorithm of section 2.1 to compute a first
patches as in the paper of [3]. disparity map WIFh the Ieft image chosen as _referenqe frgme.
It is important to notice that the computational efficiency” Second disparity map is derived by choosing the right im-
of our geodesic supportweight strategy is practically tress g€ as reference. For ea(_:h pixel of the I_eft dl_sparlt)_/ map, we
as that of [3]. For both methods, the computation of a singléhen check whether it carries the same disparity assignasent
weight mask has a complexity 6f(|V|) with W being the It matchmg pointin the right dlspar|ty map. If thIS. is nbet
set of all pixels inside the square window. (We describe an efcaSe, the pixelis invalidated. This left-right check iseffve
ficient algorithm for approximating the geodesic weight knas N filtering out occluded pixels as well as mismatches.
in section 2.3). However, both methods share the performanc  In the occlusion filling step, we assign invalidated pixels
bottleneck that originates from evaluating the window &hea to new disparity values. For each invalidated pixeWwe es-
disparity. This pixel comparison operation has complexitytimate p’s first valid neighbour to the left and to the right
O(|W)] - |D]) with D denoting the set of allowed disparities. 7. The disparityd,, is then computed bynin(d;, d,.). This
Due to using adaptive weights, this operation cannot easilgimple filling strategy typically generates horizontaksis.
be speeded up using sliding window techniques from whicHo eliminate these artifacts, we apply a smoothening filter o
local methods commonly take their high efficiency. Never-the invalidated pixels. We thereby use a weighted median
theless, it has been shown [7] that by GPU programming £ilter with the filter weights obtained from the precomputed
real-time implementation of [3] can be accomplished. Thiggeodesic weight masks of section 2.1. In comparison to stan-
would most likely also work for our method. In our current dard median filtering, our weighted median filter does not suf
implementation, it takes approximately a minute to computder from the problem of distorting object boundaries.
the disparity map for standard test image pairs.

2.3. Approximation of Geodesic Distances 3. RESULTS

We apply the method of [11] for efficiently approximating the
geodesic distance of each pixel within the window to the cenWe have used the Middlebury stereo benchmark [2] to evalu-
ter pixel (equation (1)). This method is reviewed as follows ate the performance of our approach. In our test run, the al-
Each pixel inside the window is assigned to coétép).  gorithm’s parameters are set to the constant valugs ef10
Initially, the costs of the center pixel are set to 0, while th and f,., := 120. The window size is chosen to .
costs of all other pixels are set to a large constant value. Ihhese parameters have been found empirically. We plot our
the forward pass of the algorithm, we traverse the supporesults on the Middlebury images along with corresponding
window in row major order (see figure 2a). The costs of grror maps in figure 3. One can see that our algorithm per-

pixel p are thereby updated by forms well in the reconstruction of disparity borders, wehil
it also finds correct disparities for regions of low textute.
C(p) == In%? C(q) +dc(p,q) (7) s traditionally difficult for a local method to fulfill thessvo
A requirements at the same time.
with the kernelK,, being a set of pixels consisting pfitself Table 1 shows quantitative results that are taken from the

as well asits left, left upper, upper and right upper neighilbo  Middlebury online table. Our algorithm currently takes the

(figure 2a). The cost update is thereby performed immedii0th rank of 63 submissions. This is specifically promis-
ately so that the new costs already affect the cost computati ing when considering that we do not use global optimization.
of the next pixel. Once the forward pass is completed, we inThis is in contrast to all better performing algorithms. Ac-

voke the backward pass. This pass traverses the window tording to the Middlebury table, our method is the currently
reverse direction (figure 2b). It thereby updates the casts ubest performing local method. It can outperform the origina

ing equation (7) in conjunction with the kern&l, of figure  adaptive weight approach [3] relatively clearly.



. Avg. Error non-occluded pixels [%)]
Algorithm Rank | gror [%] || Tsukuba] Venus] Teddy | Cones
GeoSup 10 5.80 1.45 0.14 | 6.88 | 2.94
AdaptDispCalib 13 6.10 1.19 0.23 | 7.80 | 3.62
DistinctSM 18 6.14 1.21 0.35 7.45 3.91
CostAggrOcc [6]| 20 6.20 1.38 0.44 | 6.80 | 3.60
SegmentSup [5] | 21 6.44 1.25 0.25 | 8.43 | 3.77
AdaptWeight [3] || 26 6.67 1.38 0.71 | 7.88 | 3.97
SSD+MF [2] 59 15.7 5.23 3.74 16.5 10.6

Table 1. Rankings of selected local methods in the Middle-

bury online database. Our algorithm (denoteddspSup) is
currently the overall best-performing local method.

4. CONCLUSIONS

[3]

[4]

[5]

[6]

This paper has proposed a novel support aggregation ap-
proach for stereo matching. To derive support weights, we[7]
have computed geodesic distances for all pixels of the sup-

port window to the window’s center point. The advantage
over previous work is that we implement the concept of con-

nectivity that proves to be effective for obtaining imprdve

segmentation results. We have tested our results using thé8]

Middlebury benchmark. According to the results, the pro-

posed geodesic support weight approach is the top performer

among stereo methods that rely on local optimization.
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