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ABSTRACT support window has the same influence in the aggregation

Adaptive support weight algorithms represent the state-ofPTOCeSS. This leads to bad results when the support window

the-art in local stereo matching. Their limitation is a highoverlaps a disparity discontinuity (edge fattening profjle

computational demand, which makes them unattractive for TohoveLcomebthls pr(t)blgm, zdaglvehsupr;ﬁrt dwelght ap-
many (real-time) applications. To our knowledge, the algoproac €s have been Introduced.  such methods were pio-

rithm proposed in this paper is the first local method Whichneered_ by.Yo.on and Kweon [1.]’ who perfgrmeq color Seg-
entation inside the support window. The idea is that pixels

is both fast I-ti d prod It bl
:;Iob(;l algsnt(r:ﬁlas anfe)yzii:sig%rtoisltjr?ztstrzzsauggsr;;argg;ﬁbe t;(?aving a color similar to the center pixel are likely to lie on
adaptive support weight algorithms is equivalent to smiogth the ;aerlnien ;zJ:iﬁears‘ﬂ thi:f?virﬁ dk;?,:/’er;rgi'\lgrsdae%tr r(]dg?argrt
the stereo cost volume with an edge-preserving filter. Frorho‘ P PP 9 PP

this perspective, the original adaptive support weighbalg weight if_it is close in. both color and. spat_ial .distance to the
rithm [1] applies bilateral filtering on cost volume slicesd central pixel of the window. Thus, pixels inside the support

the reason for its poor computational behavior is thaHoiIatW".1dOW have d|ﬁer§nt influence in the aggregation process.
eral filtering is a relatively slow process. We suggest to us his strategy considerably reduces the edge fattening- prob

the recently proposed guided filter [2] to overcome thisdimi em when using large W'r_]d(.)W sizes and ac<_:ord|ngly '?ads 0
tation. Analogously to the bilateral filter, this filter hadge- better_quallty results. This is well reflected in the rankaig
preserving properties, but can be implemented in a very fa&‘e M|ddlebu.ry penchmark [51.

way, which makes our stereo algorithm independent of the Me}ny var|at|on_s of the Yoon and Kweon method havg
size of the match window. The GPU implementation of our?€€N introduced since then. Some authors focus on the im-
stereo algorithm can process stereo images with a resoluti®@Vement of the color segmentation within the support win-
of 640 x 480 pixels and a disparity range of 26 pixels at 2530W- In[6], for example, the authors use the geodesic dietan
fps. According to the Middlebury on-line ranking, our algo- trgnsform to compute the §upport We',ghts' In.the|r ”?eth‘?d: a
rithm achieves rank 14 out of over 100 submissions and is ncﬂ'xe' inside the support window receives a high weight if it

only the best performing local stereo matching method, bufS cOnnected to the central pixel by a path of approximately
also the best performing real-time method. constant color. This allows implementing the concept ofcon

_ _ nectivity in the segmentation step. Other variations of the
Index Terms— Real-time stereo matching, Local stereo, agdaptive support aggregation method have been published in

Adaptive support weights, Guided image filter. [7, 8]. For more details, discussion and evaluation, thdeea
is referred to [9] and [10].
1. INTRODUCTION Despite the good quality results, adaptive support weight

methods cannot be used in real-time applications. Thisés du
Real-time stereo matching algorithms are important in manyo the large amount of time needed in both the pixel-wise sup-
applications such as virtual reality, on-line roboticsigation  port weight computation and the aggregation processes. Un-
and teleconferencing. Most existing real-time algorittares  like standard block matching methods, adaptive weight meth
local matching algorithms. ods can usually not be speeded up by using the “sliding win-
Standard local techniques are basically block matching adow” technique described in [11] and [12]. Thus the speed of
gorithms. These methods work as follows: First, each pxel’ adaptive support weight methods is directly dependenten th
color dissimilarity is computed at each disparity level.eTh support window size; and to achieve good quality results in
color dissimilarities measure the correlation betweenig¢fte  such methods, large window sizes should be dsed.
and right images. Color dissimilarities are then aggrebate In recent years, accelerated versions of adaptive support
inside a support window centered at a given pixel [3, 4]. Usweight aggregation methods have been proposed. In [13], for
ing standard block-based aggregation, each pixel inside th

IMany adaptive support weight methods now lie within the toartgr of
Michael Bleyer and Christoph Rhemann received financial sigmpm the ranking table.
the Vienna Science and Technology Fund (WWTF) under projed83019. 2The window size is reported to be 3333 in [1] and 31x 31 in [6].
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Fig. 1. Outline of the proposed algorithm. (a) Input stereo imadk} Cost volume construction. Ea¢h, y) slice holds the
color dissimilarity costs at a given disparity valde Note that the per-pixel costs are very noisy. (c) Cost va@dittering.
Filtering is applied on each of the:, y) slices. Previous methods use filters that either blur digpborders (mean filter) or
are computationally slow [1]. We propose to use the guideekr fi2], which enables high-quality real-time stereo matgh
(d) Disparity selection. The disparity is computed by apmythe Winner-Takes-All strategy, i.e. for each pixel, vedest the
disparity of lowest costs in the smoothed volume of (c). (e}l@sion detection, filling and post-processing. Occlupizéls
are marked by red pixels in the occlusion map.

example, the authors apply explicit (mean-shift) segntemta fast (due to sliding windows). However, it fails in presenyi
to the reference image of the stereo pair. Then they use a modbject borders, which leads to edge-fattening when used in
ified version of the “sliding window” technique. In this case stereo. A better choice in smoothing the cost volume is to ap-
the aggregation process is independent of the support wimply an edge preserving filter. In this context, the origirddja
dow size, but the color segmentation of the reference imaggve support weight method [1] uses the bilateral filter for a
becomes the new bottleneck of their algorithm. Another ateomplishing this task. (The authors do not explicitly sthie
tempt to speed up adaptive support aggregation algorittms in the corresponding paper.) The advantage is that, vigusin
presented in [14]. This method removes the bottleneck stethme bilateral filter, disparity borders are now well presetv
of [13] by using the computed support weights for obtainingHowever, the bilateral filter cannot be implemented in a fast
an explicit color segmentation in a very fast manner. [14] reway so that run-time is independent of the window size. This
ports near-real-time performance, but the quality of syl  is also the reason why [1] can most likely not be implemented
disparity maps is inferior to the state-of-the-art. efficiently (at least not in an exact, non-approximative yay
There exists a different way for looking at local methods.Obviously, if we had a filter which gives an edge-preserving
A key insight used in this work is that we can interpret the ag€ffect at the same quality as the bilateral filter, but is, fdss
gregation step as smoothing of the stereo cost volume. Here&ould help adaptive support weight stereo methods.
the cost volume is derived by computing the color dissimi-  Fortunately, the recently proposed “guided image filter”
larity for each pixel ¢, y) at each allowed disparity. The [2] fulfills these two conditions. The contribution of this
resulting three-dimensional structure is also known gsatis paper is to integrate this filter into adaptive support weigh
ity space image (DSI) in stereo literature [5]. Smoothing isstereo. This leads to a powerful algorithm that producel-hig
then applied on two-dimensionat,{;) slices of the cost vol- quality results at real-time frame rates.
ume at a fixed disparity value (also see figure 1b and c), and The work that we see as most closely related to ours is
aggregation methods basically differ by the filter kernaltth [15]. Here, the authors speed-up the original adaptive sup-
is used to accomplish this smoothing. Let us repeat the aboygrt weight method [1] by using a fast approximation of the
discussion from this point of view. bilateral filter. However, this approximation goes alonghwi
Standard block-based aggregation corresponds to applyeduced quality of filtering results. Hence, the authordaou
ing a mean filter on the cost volurieMean filtering is very  not achieve state-of-the-art stereo results. Besidestoilne
approximation, big amounts of memory are required if the
3The authors achieved rank 32 out of 74 methods on the Middjeank- ~ Method is applied to color images. Therefore this method is
ing system at the time of their evaluation. usually applicable only for gray-scale stereo images, Wwhic
“4In standard block matching, aggregation is performed by summng results in poor quality disparity maps especially at digpar

dissimilarities within a window. Similarly, the mean filter diggpl on (X,y) . S . . .
slices of the cost volume sums up the dissimilarities withindirdow, but ~ discontinuities® Although a proposed alternative (in which

then divides the sum by the window size. This division dogschange the
optimum in winner-takes-all disparity selection. Hencecklmatching and 5This is clearly reflected in the Middlebury ranking where thethod
mean filtering on the cost volume are equivalent. ranks at position 84 out of 100 methods.




two color channels are used) is given in [15], this solut®n i
reported to be 13 times slower than the gray-scale method. In

this case, no real-time performance was achieved.

2. ALGORITHM

Figure 1 shows the outline of our algorithm. In the following
sections we will go through each step of this diagram in tetai

2.1. Cost Volume Construction

The cost valueC(p, d) for pixel p at disparityd is derived
by measuring the dissimilarity in appearance of pjxef the

left image and pixeb — d of the right view. In our implemen-
tation, we choose the truncated absolute difference ofrgolo

i elres k
(‘a) Image Crops

E=n

(b)) Guided Filter Weights
Fig. 2. Examples of computed weights. (a) Reference win-
dows. The center pixels are marked by blue rectangles. (b)
Guided filter weights computed for marked pixels in (a).

and gradients as a dissimilarity measure. This model is boBy using this type of filtering, interactive frame rates can b
rowed from the optical flow literature. It has been shown toachieved while keeping the good quality of the results.

be robust to illumination changes and is commonly used in

optical flow estimation [16, 17].
The absolute differenc&/ () of colors is computed as

=3

M(p,d) = |Iiesi(p) = Trig(p—d)| . (1)
=1

Here,I*(p) denotes the value of thiéh color channel (in RGB
space) at pixep. The absolute differenc&() of gradients is
expressed as

G(pa d) = |vm(Ileft(p)) - Vz(Iright(p - d))| (2)

whereV . (I(p)) denotes the gradient indirection computed
at pixelp. Finally, our overall cost functio’() is derived as

C(pvd) =a~min(TC,M(p7d))—|— (3)
(1 —-a)- -min(Ty, G(p,d)).

Here,a balances the color and gradient terms dpd7, are
color and gradient truncation values.

2.2. Cost Volume Filtering

The output of the filtering process at pixeand disparity
d is a weighted average of all pixels in the same slice:

C'(p,d) = > Wy e(I)C(g, d). (4)

Here, C’(p, d) denotes the filtered cost value at pixeand
sliced. The filter weightd¥, , of the guided filter depend on
imagel, which is the reference image. In the following, these
weights are defined.

In [2], aguidance image! is used to filter guided image
f. In our case thguidance image is the left color image and
theguided image is anz, y) slice of the cost volume (as, for
example, shown in figure 1b). For color guidance images, the
filter weightsW; ; are defined as follows:

1

W= e > =) (Sh+eU) 7 (L — pr)).-

k:(i,5)Ewp (5)

Here,X;, andu, are the covariance and mean matriced of
in the windowwy, with dimensions x r, centered at pixel
k.5 The number of pixels in this window isv| ande is a
smoothness parametdy, I; andy;, are 3x 1 (color) vectors,

After generating the cost volume, we use the guided imageand the covariance matr; and identity matrix/ are of size
filter [2] to filter each(z,y) slice of the cost volume. The 3 x 3. The guided filter weights do not have to be computed

reasons why we choose this filter are:

e It has been shown to have an edge-preserving property.

e It can be implemented in a non-approximate manner

which results in good quality results.

e It has a linear running time which is independent of

explicitly. Instead, some linear operations are done:

ar = (S +€eU) ™" (%' Z Lifi — e fe)- (6)
1EWE

bk = fk — af,uk. (7)

¢i = a; Ii + bi. ®)

the filter size and thus only depends on the number of

image pixels.

e Based on a box filter, it can be efficiently implementedZiewk

1
|w]

fi is the mean off in wy, andg; is the filtered output

Here, f; is the pixeli in the guided imagef, f, =

on the GPU architecture thus achieving real-time per- ethe sum in eq. (5) is defined over all windows which includeepix

formance.

indexesi and;j. So the actual size of the filter kernel(igr + 1)2.
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Fig. 3. Our results using Middlebury images. All results are gatest using constant parameter setting$.row shows the
disparity maps computed by our algorith2®.? row shows a comparison against the ground truth maps. Digjarors larger
than one pixel are plotted as black pixels.

with a; = 57 Yic,,, ax andb; = 5 30, br. Allsum- ity of the closest consistent pixél.

mations are box filters and can be computedifiV) time, Our simple filling method produces streak-like artifacts in
where N is the number of image pixels. For more detailsthe output disparity map. To reduce these artifacts, we ap-
about the guided filtering see [2]. ply a post-processing step. We use a weighted median filter

The gu|ded filter Weights for some Speciﬁed image pixe|§0 smooth the filled regions. (Note that piXE'S that have not
are shown in figure 2. From this figure we can see that th€een invalidated by the left/right check are not affected by
weights are high in regions which have similar color in com-this operation.) Ideally, we would like to use the guidedfilt
parison with the central pixel of the window, and low other-Wweights defined in eq. (5). However, making these weights
wise. The edges of the guidance image are well-preserved Rxplicit is computationally intractable. Hence we chodse t

the output weights. bilateral filter weights [18]:
.12 2
BL i — J |1; — 1]
o , BL _ ___ — — 10
2.3. Disparity Selection i T K, exp( o2 ) exp( o2 ) 10

Once the cost volume slices are filtered, the Winner-Takés-Ahere K, is a normalization factor and,, o, are constant

strategy (WTA) is applied to choose the best disparity Va'“‘?)arameters which adjust the spatial and color dissimjlarit
for each pixeb: respectively.

d, = argmin C’(p,d) 9)

deD 3. EXPERIMENTAL RESULTS
whereD represents the set of all allowed disparities. Our real-time stereo algorithm is implemented and tested
using an Intel Core 2 Quad, 2.4 GHZ PC. The GPU is a
GeForce GTX480 graphics card with 1.5GB of memory from
NVIDIA. We used the CUDA technique of NVIDIA Corpo-
We apply left/right consistency checking. Hence, we do notation [19] for implementation on the GPU. Throughout our
only compute the disparity map for the left image, but alsdest runs, the algorithm’s parameters were set to consént v
compute a second disparity map with the right image chosewes:{r, ¢, o, o, 0., T, T, } = {9, 0.0001, 0.9, 9, 0.1, 0.028,
as the reference view. We mark a pixel in the left dispar.0.00S}. The window size of the bilateral median filter of eq.
ity map as inconsistent, if the disparity -Value o-f fts mmi 7In practice, we record the disparit of the closest consistent pixel
pixel differs by a value larger than one pixel. This consiste to the left of th;e inconsistent pixel. We also record the dip d, of the

C_heCk typi_C3”y fails for OCC“_Jded and mism_atChed pixeé_e(s closest consistent pixel to the right. The inconsistentkiithen assigned to
figure 1e(i)). Inconsistent pixels are then filled by the disp disparitymin(d;, d.).

2.4. Occlusion Detection, Filling and Post-processing




. . . With LR Check || Without LR Check . Avg. Avg. Runtime
Image | Resolution|| Disparities Time(sec.)| FPS || Time(sec)| FPS Algorithm Rank Error (%) (ms)
Tsukuba || 384 x 288 16 0.019 | 52 0.010 | 100 ours 14 5.55 65

Venus 434 x 383 20 0.038 26 0.019 52 GeoSup [6] 18 5.80 16000

Teddy | 450x375 60 0.098 | 11 0.048 21 Ours using AdaptWeight [1] 20 5.86 15000

Cones 450 x 375 60 0.098 11 0.048 21 AdaptWeight [1] 40 6.67 8550
Table 1. Speed of our algorithm. LR check means left-right DCBGrid [15] 84 10.9 95.4*
consistency checking. Table 2. Rankings and run times for selected local stereo

methods. Run times in the table are averaged over the four
Middlebury test images. *The run time in [15] was reported
(10) is set to 19x 19 pixels. These parameters have beemefore left-right consistency check in the correspondiag p
found empirically. per. Hence, for fairness, we have multiplied the reportee ti
To evaluate our approach, we performed two experimentsy a factor of 2.
The first experiment is conducted on the images from the

Middlebury benchmark [5]. We show the qualitative results Algorithm rankll_ Ava. Error non-occluded pixels %] || \1oe/s
in figure 3 and the quantitative results in tables 1,2 and & T Error [%] ]| Tsukuba] Venus] Teddy | Cones

. . . . . :Ours 14 5.55 151 0.20 6.16 271 199.68

second experiment is carried out on a dynamic scene in or(_j 2 ancFitBP 17 578 097 | 017 | 665 | 417 || 943
to assess the performance of our method when used with liyerealTimeABW || 49 7.9 126 | 033 | 107 | 481 | 442
. RealtimeBFV 53 7.65 1.71 0.55 9.90 6.66 100.85
scenarios. RealtimeBP 54 7.69 149 | 077 | 872 | 461 | 20.89
Figure 3 shows the disparity maps computed for the tegtFastAgareg 59 ) 824 116 | 408 ) 904 | 537 | 20.25

. . " RealtimeVar 68 9.05 3.33 1.15 6.18 4.66 3.80
images and the corresponding error maps. From figure 3 Wesrcensus 73 0.73 508 | 1.58 | 7.96 | 4.10 | 1152*
can see that our approach generates high quality results. QuReaTimeGPuU 74 9.62 205 | 192 ) 7.23 | 641 ) 5343
. . RealiabilityDP i 10.7 1.36 2.35 9.82 12.9 42.11

method shows good performance in regions of poor texturepcaarid 84 10.9 500 | 135 | 105 | 534 || 471

and close to objects boundaries. According to the Middle- ] ] ] ] ]
bury ranking system, our approach takes rank 14 out of mor‘gabl_e 3. Rankings for real time algorlthms in the Middlebury
than 100 submissions. Even more importantly, we are the be@f-line database. Currently, our algorithm is the besgpart
performing local stereo method in the on-line table. The aliNd real time algorithm.

gorithm even outperforms the original implementation & th

adapﬂye support weight approach of [1] (rank 40). larger than ours (hence, is faster than our method). However
To investigate why our method performs better than [1]here is a large gap in the rank between this method and our
we used their weights in our algorithm. For fair comparison.g|gorithm. Nevertheless, our method is currently the best p
we used the same matching costs and occlusion handling fming real-time method in the Middlebury table, showing
in our approach. We tuned the parameters of that approach i, excellent trade-off between speed and quality of results
yield the best possible results. We found that the approbich 0 The second experiment is done by capturing live videos

[1] is about 230 times slower than ours, but ranks closely beﬂsing a bumblebee camera manufactured by Point Grey Re-
hind it (rank 20). From this test we deduce that the guided fil«

. X i search. Our algorithm runs at 17 fps when handling stereo
ter gives slightly better results for stereo matching thenti- 5565 of resolution 64@ 480 pixels and 40 disparity levels
lateral filter. However, more importantly, our algorithrmeu

: : ? ! (excluding the overhead for rendering and rectificatiorfje T
in real-time. Table 1 plots the run time of our algorithm.

It disparity maps generated for two frames captured by our live

takes approximately 10ms seconds to generate the diSPar-@ﬁstem are shown in figure 4. From this figure one can no-

map for the Tsukuba image pair (100 fps) and 48ms seconqge that our approach is able to produce detailed and aecura
for the Teddy and Cones image pairs (21 fps). In table 2 Wgigharity maps along with clean object boundaries. Note tha

show the average run time of our method in comparison tghere s only little flickering in the disparity sequenceeg(s

other local stereo algorithms. We report run times of the ful\;je0 in the supplementary material). This is an indicator f
method including left-right consistency checking and post o high robustness of our method.

processing. The run time for [1] is taken from [15]. Although
these times were measured on different platforms, they stil
give a reasonable indication of the computational compfexi 4. CONCLUSIONS

Table 3 shows the ranking of our algorithm compared to other_ . _ _

real-time algorithms in the Middlebury on-line rankingfab  ThiS paper has proposed a high-quality real-time approach f
The last column in the table shows the MDE/s computed foPter€o matchlng..The_key ideais to f||tgr the cost volqme with
all algorithms® From this table we can observe that there is2" €dge-preserving filter that can be implemented in a very

only one method (RTCensus [20]) which has MDE/s valudast way, i.e. the guided filter [2]. This has led to a new adap-
tive support weight approach whose run time in the aggrega-

8MDE/s (Million Disparity Estimations per second) = width *igat *  tiON step_is independent of the match Win<_jow size. According
disparities * fps. to the Middlebury results, our approach is the top performer




(a)
Fig. 4. Two sample frames captured by our live system and theiesponding disparity maps. (a) Shot 1 (b) Shot 2.

among stereo methods that rely on local optimization arwl als[11] O. Faugeras, B. Hotz, H. Mathieu, T.&ille, Z. Zhang,
among competing real-time algorithms. The key argument
for our method is that it achieves real-time frame rates|evhi
keeping the quality of results at a high level.

(1]

(2]

(3]

5. REFERENCES

K.J. Yoon and |.S. Kweon, “Locally adaptive support-
weight approach for visual correspondence search,” in
CVPR, 2005.

K. He, J. Sun, and X. Tang, “Guided image filtering,” in [13]

ECCV, 2010.

M. Agrawal and L.S. Davis, “Window-based, disconti-
nuity preserving stereo,” i@VPR, 2004.

[4] A. Fusiello, V. Roberto, and E. Trucco, “Efficient stereo

(5]

with multiple windowing,” CVPR, 1997.

D. Scharstein and R. Szeliski, “A taxonomy and eval-
uation of dense two-frame stereo correspondence al-

gorithms,” 1JCV, vol. 47, no. 1/2/3, pp. 7-42, 2002. [16]

http://www.middlebury.edu/stereo/.

[6] A.Hosni, M. Bleyer, M. Gelautz, and C. Rhemann, “Lo-

[7]

(8]

(9]

[10]

cal stereo matching using geodesic support weights,” i1 7]

ICIP, 2009.

D. Min and K. Sohn, “Cost aggregation and occlusion
handling with WLS in stereo matchingEEE Tansac-
tions on Image Processing, vol. 17, no. 8, pp. 1431 —
1442, 2008.

F. Tombari, S. Mattoccia, and L. Di Stefano,

“Segmentation-based adaptive support for accuratfl9]

stereo correspondence,” REVT, 2007.

M. Gong, R. Yang, L. Wang, and M. Gong, “A perfor-

mance study on different cost aggregation approachgg0]

used in real-time stereo matchingJCV, vol. 75, no. 2,
pp. 283 — 296, 2007.

F. Tombari, S. Mattoccia, L. Di Stefano, and E. Addi-
manda, “Classification and evaluation of cost aggre-
gation methods for stereo correspondence,’CW¥PR,
2008.

(12]

5] C. Richardt, D. Orr, |.

(18]

P. Fua, E. Thron, L. Moll, G. Berry, J. Vuillemin,
P. Bertin, and C. Proy, “Real time correlation based
stereo: algorithm implementations and applications,”
Tech. Rep., RR-2013, INRIA, 1996.

K. Muhlmann, D. Maier, J. Hesser, and R.ahher,
“Calculating dense disparity maps from color stereo im-
ages, an efficient implementationJCV, vol. 47, no. 1

- 3, pp. 79 — 88, 2002.

M. Gerrits and P. Bekaert, “Local stereo matching with
segmentation-based outlier rejection,"GRV, 2006.

[14] A. Hosni, M. Bleyer, and Margrit Gelautz, “Near real-

time stereo with adaptive support weight approaches,”
in 3DPVT, 2010.

Davies, A. Criminisi, and
N. Dodgson, “Real-time spatiotemporal stereo match-
ing using the dual-cross-bilateral grid,” BECCV, 2010.

A. Bruhn and J.Weickert., “Optical flow estimation on
coarse-to-fine region-trees using discrete optimizdtion,
in ICCV, 2005.

T. Brox and J. Malik., “Large displacement optical flow:
descriptor matching in variational motion estimation,”
in PAMI, 2010.

S. Paris, P. Kornprobst, J. Tumblin, and F. Durand, “A
gentle introduction to bilateral filtering and its applica-
tions,” International Conference on Computer Graphics
and Interactive Techniques, 2008.

“CUDA: Compute Unified Device Architecture pro-
gramming guide,” Tech. Rep., Nvidia Corporation,
2008.

M. Humenberger, C. Zinner, M. Weber, W. Kubinger,
and M. Vincze, “A fast stereo matching algorithm suit-
able for embedded real-time systemSgmputer Vision
and Image Understanding, vol. 114, pp. 1180 — 1202,
2010.



