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ABSTRACT

Adaptive support weight algorithms represent the state-of-
the-art in local stereo matching. Their limitation is a high
computational demand, which makes them unattractive for
many (real-time) applications. To our knowledge, the algo-
rithm proposed in this paper is the first local method which
is both fast (real-time) and produces results comparable to
global algorithms. A key insight is that the aggregation step of
adaptive support weight algorithms is equivalent to smoothing
the stereo cost volume with an edge-preserving filter. From
this perspective, the original adaptive support weight algo-
rithm [1] applies bilateral filtering on cost volume slices,and
the reason for its poor computational behavior is that bilat-
eral filtering is a relatively slow process. We suggest to use
the recently proposed guided filter [2] to overcome this limi-
tation. Analogously to the bilateral filter, this filter has edge-
preserving properties, but can be implemented in a very fast
way, which makes our stereo algorithm independent of the
size of the match window. The GPU implementation of our
stereo algorithm can process stereo images with a resolution
of 640× 480 pixels and a disparity range of 26 pixels at 25
fps. According to the Middlebury on-line ranking, our algo-
rithm achieves rank 14 out of over 100 submissions and is not
only the best performing local stereo matching method, but
also the best performing real-time method.

Index Terms— Real-time stereo matching, Local stereo,
Adaptive support weights, Guided image filter.

1. INTRODUCTION

Real-time stereo matching algorithms are important in many
applications such as virtual reality, on-line robotics navigation
and teleconferencing. Most existing real-time algorithmsare
local matching algorithms.

Standard local techniques are basically block matching al-
gorithms. These methods work as follows: First, each pixel’s
color dissimilarity is computed at each disparity level. The
color dissimilarities measure the correlation between theleft
and right images. Color dissimilarities are then aggregated
inside a support window centered at a given pixel [3, 4]. Us-
ing standard block-based aggregation, each pixel inside the
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support window has the same influence in the aggregation
process. This leads to bad results when the support window
overlaps a disparity discontinuity (edge fattening problem).

To overcome this problem, adaptive support weight ap-
proaches have been introduced. Such methods were pio-
neered by Yoon and Kweon [1], who performed color seg-
mentation inside the support window. The idea is that pixels
having a color similar to the center pixel are likely to lie on
the same object, and therefore have similar depth (disparity).
A pixel inside the support window receives a high support
weight if it is close in both color and spatial distance to the
central pixel of the window. Thus, pixels inside the support
window have different influence in the aggregation process.
This strategy considerably reduces the edge fattening prob-
lem when using large window sizes and accordingly leads to
better quality results. This is well reflected in the rankingof
the Middlebury benchmark [5].1

Many variations of the Yoon and Kweon method have
been introduced since then. Some authors focus on the im-
provement of the color segmentation within the support win-
dow. In [6], for example, the authors use the geodesic distance
transform to compute the support weights. In their method, a
pixel inside the support window receives a high weight if it
is connected to the central pixel by a path of approximately
constant color. This allows implementing the concept of con-
nectivity in the segmentation step. Other variations of the
adaptive support aggregation method have been published in
[7, 8]. For more details, discussion and evaluation, the reader
is referred to [9] and [10].

Despite the good quality results, adaptive support weight
methods cannot be used in real-time applications. This is due
to the large amount of time needed in both the pixel-wise sup-
port weight computation and the aggregation processes. Un-
like standard block matching methods, adaptive weight meth-
ods can usually not be speeded up by using the “sliding win-
dow” technique described in [11] and [12]. Thus the speed of
adaptive support weight methods is directly dependent on the
support window size; and to achieve good quality results in
such methods, large window sizes should be used.2

In recent years, accelerated versions of adaptive support
weight aggregation methods have been proposed. In [13], for

1Many adaptive support weight methods now lie within the top quarter of
the ranking table.

2The window size is reported to be 33× 33 in [1] and 31× 31 in [6].
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Fig. 1. Outline of the proposed algorithm. (a) Input stereo images. (b) Cost volume construction. Each(x, y) slice holds the
color dissimilarity costs at a given disparity valued. Note that the per-pixel costs are very noisy. (c) Cost volume filtering.
Filtering is applied on each of the(x, y) slices. Previous methods use filters that either blur disparity borders (mean filter) or
are computationally slow [1]. We propose to use the guided filter [2], which enables high-quality real-time stereo matching.
(d) Disparity selection. The disparity is computed by applying the Winner-Takes-All strategy, i.e. for each pixel, we select the
disparity of lowest costs in the smoothed volume of (c). (e) Occlusion detection, filling and post-processing. Occludedpixels
are marked by red pixels in the occlusion map.

example, the authors apply explicit (mean-shift) segmentation
to the reference image of the stereo pair. Then they use a mod-
ified version of the “sliding window” technique. In this case
the aggregation process is independent of the support win-
dow size, but the color segmentation of the reference image
becomes the new bottleneck of their algorithm. Another at-
tempt to speed up adaptive support aggregation algorithms is
presented in [14]. This method removes the bottleneck step
of [13] by using the computed support weights for obtaining
an explicit color segmentation in a very fast manner. [14] re-
ports near-real-time performance, but the quality of resulting
disparity maps is inferior to the state-of-the-art.3

There exists a different way for looking at local methods.
A key insight used in this work is that we can interpret the ag-
gregation step as smoothing of the stereo cost volume. Here,
the cost volume is derived by computing the color dissimi-
larity for each pixel (x, y) at each allowed disparityd. The
resulting three-dimensional structure is also known as dispar-
ity space image (DSI) in stereo literature [5]. Smoothing is
then applied on two-dimensional (x,y) slices of the cost vol-
ume at a fixed disparity value (also see figure 1b and c), and
aggregation methods basically differ by the filter kernel that
is used to accomplish this smoothing. Let us repeat the above
discussion from this point of view.

Standard block-based aggregation corresponds to apply-
ing a mean filter on the cost volume.4 Mean filtering is very

3The authors achieved rank 32 out of 74 methods on the Middlebury rank-
ing system at the time of their evaluation.

4In standard block matching, aggregation is performed by summingup
dissimilarities within a window. Similarly, the mean filter applied on (x,y)
slices of the cost volume sums up the dissimilarities within thewindow, but
then divides the sum by the window size. This division does not change the
optimum in winner-takes-all disparity selection. Hence, block matching and
mean filtering on the cost volume are equivalent.

fast (due to sliding windows). However, it fails in preserving
object borders, which leads to edge-fattening when used in
stereo. A better choice in smoothing the cost volume is to ap-
ply an edge preserving filter. In this context, the original adap-
tive support weight method [1] uses the bilateral filter for ac-
complishing this task. (The authors do not explicitly statethis
in the corresponding paper.) The advantage is that, via using
the bilateral filter, disparity borders are now well preserved.
However, the bilateral filter cannot be implemented in a fast
way so that run-time is independent of the window size. This
is also the reason why [1] can most likely not be implemented
efficiently (at least not in an exact, non-approximative way).
Obviously, if we had a filter which gives an edge-preserving
effect at the same quality as the bilateral filter, but is fast, this
would help adaptive support weight stereo methods.

Fortunately, the recently proposed “guided image filter”
[2] fulfills these two conditions. The contribution of this
paper is to integrate this filter into adaptive support weight
stereo. This leads to a powerful algorithm that produces high-
quality results at real-time frame rates.

The work that we see as most closely related to ours is
[15]. Here, the authors speed-up the original adaptive sup-
port weight method [1] by using a fast approximation of the
bilateral filter. However, this approximation goes along with
reduced quality of filtering results. Hence, the authors could
not achieve state-of-the-art stereo results. Besides, dueto the
approximation, big amounts of memory are required if the
method is applied to color images. Therefore this method is
usually applicable only for gray-scale stereo images, which
results in poor quality disparity maps especially at disparity
discontinuities.5 Although a proposed alternative (in which

5This is clearly reflected in the Middlebury ranking where themethod
ranks at position 84 out of 100 methods.



two color channels are used) is given in [15], this solution is
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 detail.

2.1. Cost Volume Construction

The cost valueC(p, d) for pixel p at disparityd is derived
by measuring the dissimilarity in appearance of pixelp of the
left image and pixelp−d of the right view. In our implemen-
tation, we choose the truncated absolute difference of colors
and gradients as a dissimilarity measure. This model is bor-
rowed from the optical flow literature. It has been shown to
be robust to illumination changes and is commonly used in
optical flow estimation [16, 17].

The absolute differenceM() of colors is computed as

M(p, d) =
i=3
∑

i=1

∣

∣Iileft(p)− Iiright(p− d)
∣

∣ . (1)

Here,Ii(p) denotes the value of theith color channel (in RGB
space) at pixelp. The absolute differenceG() of gradients is
expressed as

G(p, d) = |∇x(Ileft(p))−∇x(Iright(p− d))| (2)

where∇x(I(p)) denotes the gradient inx direction computed
at pixelp. Finally, our overall cost functionC() is derived as

C(p, d) = α ·min (Tc,M(p, d)) + (3)

(1− α) ·min (Tg, G(p, d)) .

Here,α balances the color and gradient terms andTc, Tg are
color and gradient truncation values.

2.2. Cost Volume Filtering

After generating the cost volume, we use the guided image
filter [2] to filter each(x, y) slice of the cost volume. The
reasons why we choose this filter are:

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

• It can be implemented in a non-approximate manner
which results in good quality results.

• It has a linear running time which is independent of
the filter size and thus only depends on the number of
image pixels.

• Based on a box filter, it can be efficiently implemented
on the GPU architecture thus achieving real-time per-
formance.

( a ) Image Crops

( 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).

By using this type of filtering, interactive frame rates can be
achieved while keeping the good quality of the results.

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

C ′(p, d) =
∑

q

Wp,q(I)C(q, d). (4)

Here,C ′(p, d) denotes the filtered cost value at pixelp and
sliced. The filter weightsWp,q of the guided filter depend on
imageI, which is the reference image. In the following, these
weights are defined.

In [2], a guidance imageI is used to filter aguided image
f . In our case theguidance image is the left color image and
theguided image is an(x, y) slice of the cost volume (as, for
example, shown in figure 1b). For color guidance images, the
filter weightsWi,j are defined as follows:

Wi,j =
1

|ω|
2

∑

k:(i,j)∈ωk

(1+(Ii−µk)
T (Σk+ǫU)−1(Ij−µk)).

(5)
Here,Σk andµk are the covariance and mean matrices ofI

in the windowωk with dimensionsr × r, centered at pixel
k.6 The number of pixels in this window is|ω| and ǫ is a
smoothness parameter.Ii, Ij andµk are 3× 1 (color) vectors,
and the covariance matrixΣk and identity matrixU are of size
3 × 3. The guided filter weights do not have to be computed
explicitly. Instead, some linear operations are done:

ak = (Σk + ǫU)
−1

(
1

|ω|

∑

i∈ωk

Iifi − µkf̄k). (6)

bk = f̄k − aTk µk. (7)

qi = āTi Ii + b̄i. (8)

Here, fi is the pixel i in the guided imagef , f̄k = 1
|ω|

∑

i∈ωk
fi is the mean off in ωk andqi is the filtered output

6The sum in eq. (5) is defined over all windows which include pixel
indexesi andj. So the actual size of the filter kernel is(4r + 1)2.



Disparity Maps

Error Maps

Fig. 3. Our results using Middlebury images. All results are generated using constant parameter settings.1st row shows the
disparity maps computed by our algorithm.2nd row shows a comparison against the ground truth maps. Disparity errors larger
than one pixel are plotted as black pixels.

with āi = 1
|ω|

∑

i∈ωk
ak and b̄i = 1

|ω|

∑

i∈ωk
bk. All sum-

mations are box filters and can be computed inO(N) time,
whereN is the number of image pixels. For more details
about the guided filtering see [2].

The guided filter weights for some specified image pixels
are shown in figure 2. From this figure we can see that the
weights are high in regions which have similar color in com-
parison with the central pixel of the window, and low other-
wise. The edges of the guidance image are well-preserved in
the output weights.

2.3. Disparity Selection

Once the cost volume slices are filtered, the Winner-Takes-All
strategy (WTA) is applied to choose the best disparity value
for each pixelp:

dp = argmin
d∈D

C ′(p, d) (9)

whereD represents the set of all allowed disparities.

2.4. Occlusion Detection, Filling and Post-processing

We apply left/right consistency checking. Hence, we do not
only compute the disparity map for the left image, but also
compute a second disparity map with the right image chosen
as the reference view. We mark a pixel in the left dispar-
ity map as inconsistent, if the disparity value of its matching
pixel differs by a value larger than one pixel. This consistency
check typically fails for occluded and mismatched pixels (see
figure 1e(i)). Inconsistent pixels are then filled by the dispar-

ity of the closest consistent pixel.7

Our simple filling method produces streak-like artifacts in
the output disparity map. To reduce these artifacts, we ap-
ply a post-processing step. We use a weighted median filter
to smooth the filled regions. (Note that pixels that have not
been invalidated by the left/right check are not affected by
this operation.) Ideally, we would like to use the guided filter
weights defined in eq. (5). However, making these weights
explicit is computationally intractable. Hence we choose the
bilateral filter weights [18]:

WBL
i,j =

1

Ki

exp(−
|i− j|

2

σ2
s

) exp(−
|Ii − Ij |

2

σ2
c

) (10)

whereKi is a normalization factor andσs, σc are constant
parameters which adjust the spatial and color dissimilarity,
respectively.

3. EXPERIMENTAL RESULTS

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-
ration [19] for implementation on the GPU. Throughout our
test runs, the algorithm’s parameters were set to constant val-
ues:{r, ǫ, α, σs, σc, Tc, Tg} = {9, 0.0001, 0.9, 9, 0.1, 0.028,
0.008}. The window size of the bilateral median filter of eq.

7In practice, we record the disparitydl of the closest consistent pixel
to the left of the inconsistent pixel. We also record the disparity dr of the
closest consistent pixel to the right. The inconsistent pixel is then assigned to
disparitymin(dl, dr).



Image Resolution Disparities
With LR Check Without LR Check

Time(sec.) FPS Time(sec.) FPS

Tsukuba 384 x 288 16 0.019 52 0.010 100
Venus 434 x 383 20 0.038 26 0.019 52
Teddy 450 x 375 60 0.098 11 0.048 21
Cones 450 x 375 60 0.098 11 0.048 21

Table 1. Speed of our algorithm. LR check means left-right
consistency checking.

(10) is set to 19× 19 pixels. These parameters have been
found empirically.

To evaluate our approach, we performed two experiments.
The first experiment is conducted on the images from the
Middlebury benchmark [5]. We show the qualitative results
in figure 3 and the quantitative results in tables 1, 2 and 3. The
second experiment is carried out on a dynamic scene in order
to assess the performance of our method when used with live
scenarios.

Figure 3 shows the disparity maps computed for the test
images and the corresponding error maps. From figure 3 we
can see that our approach generates high quality results. Our
method shows good performance in regions of poor texture
and close to objects boundaries. According to the Middle-
bury ranking system, our approach takes rank 14 out of more
than 100 submissions. Even more importantly, we are the best
performing local stereo method in the on-line table. The al-
gorithm even outperforms the original implementation of the
adaptive support weight approach of [1] (rank 40).

To investigate why our method performs better than [1],
we used their weights in our algorithm. For fair comparison,
we used the same matching costs and occlusion handling as
in our approach. We tuned the parameters of that approach to
yield the best possible results. We found that the approach of
[1] is about 230 times slower than ours, but ranks closely be-
hind it (rank 20). From this test we deduce that the guided fil-
ter gives slightly better results for stereo matching than the bi-
lateral filter. However, more importantly, our algorithm runs
in real-time. Table 1 plots the run time of our algorithm. It
takes approximately 10ms seconds to generate the disparity
map for the Tsukuba image pair (100 fps) and 48ms seconds
for the Teddy and Cones image pairs (21 fps). In table 2 we
show the average run time of our method in comparison to
other local stereo algorithms. We report run times of the full
method including left-right consistency checking and post-
processing. The run time for [1] is taken from [15]. Although
these times were measured on different platforms, they still
give a reasonable indication of the computational complexity.
Table 3 shows the ranking of our algorithm compared to other
real-time algorithms in the Middlebury on-line ranking table.
The last column in the table shows the MDE/s computed for
all algorithms.8 From this table we can observe that there is
only one method (RTCensus [20]) which has MDE/s value

8MDE/s (Million Disparity Estimations per second) = width * height *
disparities * fps.

Algorithm Rank
Avg. Avg. Runtime

Error (%) (ms)

Ours 14 5.55 65
GeoSup [6] 18 5.80 16000

Ours using AdaptWeight [1] 20 5.86 15000
AdaptWeight [1] 40 6.67 8550
DCBGrid [15] 84 10.9 95.4*

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
before left-right consistency check in the corresponding pa-
per. Hence, for fairness, we have multiplied the reported time
by a factor of 2.

Algorithm Rank
Avg. Error non-occluded pixels [%]

MDE/s
Error [%] Tsukuba Venus Teddy Cones

Ours 14 5.55 1.51 0.20 6.16 2.71 199.68
PlaneFitBP 17 5.78 0.97 0.17 6.65 4.17 9.43
RealTimeABW 49 7.9 1.26 0.33 10.7 4.81 4.42
RealtimeBFV 53 7.65 1.71 0.55 9.90 6.66 100.85
RealtimeBP 54 7.69 1.49 0.77 8.72 4.61 20.89
FastAggreg 59 8.24 1.16 4.03 9.04 5.37 20.25
RealtimeVar 68 9.05 3.33 1.15 6.18 4.66 3.80
RTCensus 73 9.73 5.08 1.58 7.96 4.10 1152*
RealTimeGPU 74 9.82 2.05 1.92 7.23 6.41 53.43
RealiabilityDP 77 10.7 1.36 2.35 9.82 12.9 42.11
DCBGrid 84 10.9 5.90 1.35 10.5 5.34 4.71

Table 3. Rankings for real time algorithms in the Middlebury
on-line database. Currently, our algorithm is the bestperform-
ing real time algorithm.

larger than ours (hence, is faster than our method). However,
there is a large gap in the rank between this method and our
algorithm. Nevertheless, our method is currently the best per-
forming real-time method in the Middlebury table, showing
an excellent trade-off between speed and quality of results.

The second experiment is done by capturing live videos
using a bumblebee camera manufactured by Point Grey Re-
search. Our algorithm runs at 17 fps when handling stereo
images of resolution 640× 480 pixels and 40 disparity levels
(excluding the overhead for rendering and rectification). The
disparity maps generated for two frames captured by our live
system are shown in figure 4. From this figure one can no-
tice that our approach is able to produce detailed and accurate
disparity maps along with clean object boundaries. Note that
there is only little flickering in the disparity sequences (see
video in the supplementary material). This is an indicator for
the high robustness of our method.

4. CONCLUSIONS

This paper has proposed a high-quality real-time approach for
stereo matching. The key idea is to filter the cost volume with
an edge-preserving filter that can be implemented in a very
fast way, i.e. the guided filter [2]. This has led to a new adap-
tive support weight approach whose run time in the aggrega-
tion step is independent of the match window size. According
to the Middlebury results, our approach is the top performer



( a ) ( b )

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

among stereo methods that rely on local optimization and also
among competing real-time algorithms. The key argument
for our method is that it achieves real-time frame rates, while
keeping the quality of results at a high level.
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