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Abstract

We present a stereo algorithm that achieves high quality
results while maintaining real-time performance. The key
idea is simple: we introduce an adaptive aggregation step
in a dynamic-programming (DP) stereo framework. The
per-pixel matching cost is aggregated in the vertical direc-
tion only. Compared to traditional DP, our approach re-
duces the typical “streaking” artifacts without the penalty
of blurry object boundaries. Evaluation using the bench-
mark Middlebury stereo database shows that our approach
is among the best (ranked first in the new evaluation system)
for DP-based approaches. The performance gain mainly
comes from a computationally expensive weighting scheme
based on color and distance proximity. We utilize the vector
processing capability and parallelism in commodity graph-
ics hardware to speed up this process over two orders of
magnitude. Over 50 million disparity evaluations per sec-
ond (MDE/s)1 are achieved in our current implementation.

1. Introduction

Depth from stereo has traditionally been, and continues
to be one of the most actively researched topics in computer
vision. Recent development in this area has significantly
advanced the state of the art in terms of quality. However,
in terms of speed, these best stereo algorithms typically
take from several seconds to several minutes to generate a
single disparity map, limiting their applications to off-line
processing. There are many interesting applications, such
as robot navigation and augmented reality, in which high-
quality depth information at video rate is crucial.

For real-time online stereo processing, the options are
rather limited; only local approaches and scanline-based op-

1The number of disparity evaluations per seconds (MDE/s) corresponds
to the product of the number of pixels times the disparity range times the
obtained frame-rate and therefore captures the performance of a stereo al-
gorithm in a single number.

Figure 1. Two sample images and their depth maps from our live
system on a 3.0GHz PC with an ATI’s Radeon XL1800 graphics
card. We can achieve 43 fps with 320× 240 input images and 16
disparity levels.

timizations are feasible. Most local approaches, while being
fast, are quite fragile and prone to problems on occlusion
boundaries. Scanline-based optimization utilizes dynamic
programming (DP) to produce better results on occlusion
boundaries, but the results are often accompanied by in-
consistency between scanlines, i.e., “streaking”. Recently,
multi-pass DP algorithms [10, 14] were developed to reduce
this unpleasant artifact, but at the cost of speed.

Our approach is inspired by a recent paper from Yoon
and Kweon [29]. They presented a new cost aggregation
scheme that uses a fix-sized support window with per-pixel
varying weight. The weight is computed based on color
similarity and geometric distance to the center pixel of in-
terest. Very strong results were obtained without any global
optimization. However, the aggregation process is compu-
tationally expensive. As reported in [29], it took about one
minute to produce a small depth map, which makes real-
time application impossible.

We instead introduce this adaptive scheme into a DP
framework. The per-pixel matching cost is aggregated in a
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1D vertical window. It significantly reduces the “streaking”
artifacts without using multiple DP passes. Furthermore,
we implemented this cost aggregation scheme on the graph-
ics hardware to speed up the computation over 10 folds.
The aggregated cost volume is transferred back to CPU for
final disparity selection using DP. Thus our approach not
only makes use of both CPU and GPU in parallel, but also
makes each part do what it is best for: the graphics hard-
ware performs image warping and aggregation in massive
parallelism, and the CPU performs DP that requires more
flexible looping and branching capability. Therefore we can
produce high-quality depth map at video rate, as shown in
Figure 1. More live results can be found in the accompany-
ing video.

In addition we propose an approximation to the full
adaptive window in [29]. Disparity maps with comparable
quality to that in [29] can be generated in software in terms
of seconds, instead of minutes. An implementation on the
graphics hardware further improves the speed by one or two
orders of magnitude.

We have evaluated our approach using the Middlebury
stereo benchmark data set. Among all DP-based algorithms
reported there, it is ranked first in the new evaluation system
(the old evaluation system is no longer functional). Com-
bined with its high speed capability, our approach is a step
forward to distill recent advances in stereovision to enable
real-time applications that require high quality depth data.

2. Related Work

The current state-of-the-art stereo algorithms all use
some form of global optimization to estimate the disparity
maps. These algorithms are not feasible for real-time ap-
plications. For the scope of this paper, we briefly overview
several classes of algorithms that can achieve video rate. In-
terested readers are referred to a recent excellent survey and
evaluation by Scharstein and Szeliski [21] for other tech-
niques.

Local stereo algorithm These algorithms take the dis-
parity decision by choosing the one with the best match-
ing score for each pixel, i.e., a winner-takes-all (WTA) ap-
proach.

Only a few years ago even these approaches were out of
reach of standard computers so that special hardware had to
be used to achieve real-time performance [8, 13, 25, 15, 7].
Software-only real-time systems began to emerge at the turn
of the century. For example, Mulligan and Daniilidis pro-
posed a new trinocular stereo algorithm in software [17]
to achieve 3-4 frames/second on a single multi-processor
PC. Hirschmuller introduced a variable-window approach
while maintaining real-time suitability [12, 11]. The algo-
rithm achieves about 12M disparity estimation per second

(MDE/s) on a 450MHz Pentium II computer. Commercial
solutions are now also available. The stereo algorithm from
Point Grey Research [19] yields approximately 80 MDE/s
on a 2.8Ghz processor. All these methods used a number of
techniques to accelerate the calculation, most importantly,
assembly level instruction optimization using Intel’s MMX
extension.

Acceleration using graphics hardware Driven by the
consumers’ need for more realistic rendering, the graphics
hardware has become so versatile that it can be used for ap-
plications other than rendering. Its potential to accelerate
depth estimation was first explored by Yang et al. [28]. A
plane-sweep approach [3] was adopted to effectively use the
graphics hardware’s capability to warp and process images
(textures). Later, they improved this technique in terms of
both speed and accuracy [27, 26]. Their new approach can
achieve 117 MDE/s on an ATI Radeon 9800 XT card.

Zach et al. introduced a mesh-based stereo algorithm that
lends itself well to implementation on commodity graphics
hardware [30]. It iteratively refines a 3D mesh hypothesis
to estimate the depths. Cornells and Van Gool combined
plane-sweep and iterative refinement to compute the depths
for fine 3D structures [4], all the computations are carried
out on the graphics hardware. Both approaches can gener-
ate quality depth maps but require quite a few iterations to
converge.

Scanline optimization using DP For high processing
speed, the above approaches use a local optimization, which
limits the accuracy of the disparity maps generated. To
achieve better accuracy, some researchers adopted DP op-
timization into realtime and near-real-time stereo system as
well. For example, Sun [22] proposes a DP-based algo-
rithm, which achieves 5-7 MDE/s on an 500Mhz PC. Us-
ing a coarse-to-fine approach and MMX based assembler
optimization, Forstmann et al. [9] are able to significantly
increase DP’s speed. The experimental results show that
their approach achieves about 100 MDE/s on an AthlonXP
2800+ processor.

Traditional DP algorithms optimize the depth map on a
scanline by scanline basis. The inter-scanline consistency is
not enforced, leading to the well-known horizontal “streak-
ing” artifacts. A number of approaches have been proposed
to address this issue (e.g., [1, 2, 5, 18]). More recently, new
algorithms have been proposed to perform DP on a tree con-
structed from the matching cost volume [24], or perform
DP multiple times in both horizontal and vertical direc-
tions [10, 14]. Very strong results with virtually no streak-
ing have been obtained. Using the old benchmark data set
from [20], [14] is probably the best DP-based approach (this
algorithm has not been evaluated using the new data set).
But it requires a few seconds to compute a small image.



Gong and Yang [10] use the graphics hardware to acceler-
ate the computation. They can achieve about 20 MDE/s.
Instead of using multiple passes, our approach uses a verti-
cal adaptive filter to enforce inter-scanline consistency and
therefore only requires a single DP pass.

3. Our Approach
Given a pair of images, the goal of a stereo algorithm is

to establish pixel correspondences between the two images.
For the scope of this paper, we assume rectified images as
input, i.e., the epipolar lines are aligned with corresponding
scanlines. In this case, the correspondence can be expressed
as a disparity value (a scalar), i.e., if p(x, y) and q(x′, y′) are
corresponding pixels in the left and right image respectively,
then the disparity d of p(x, y) and q(x′, y′) is defined as the
difference of their horizontal image coordinates, i.e., d =
x−x′. Note that we have y ≡ y′ since corresponding pixels
must be on the same scan line in rectified image pairs. The
output of a stereo algorithm is a disparity map, i.e., a map
that records the disparity value for every pixel in one image
(the reference image).

Following the taxonomy in [21], our algorithm contains
three major steps: matching cost computation, cost aggre-
gation, and finally disparity selection. In the first step, a
matching cost for every possible disparity value of each
pixel is computed. To reduce the ambiguity in matching, the
cost is summed over a small neighborhood window (support
region) in the second aggregation step. In the last disparity
selection step, we use DP along each scanline to assign a
disparity value for each pixel.

The key in our method is the cost aggregation. We will
therefore first briefly describe the first and last step, and then
focus on the cost aggregation step in section 3.3. In partic-
ular we will demonstrate its advantages over traditional box
filters. Finally we show how to effectively accelerate the
first and second step using commodity graphics hardware
in section 3.4.

3.1. Matching cost computation

A widely used matching cost is the absolute difference
between the left and right pixel intensities:

|p(x, y)− q(x + d, y)|, (1)

where d is the hypothesized disparity value. Under the Lam-
bertian surface assumption, a pair of corresponding pixels
in the left and right view should have identical intensities,
leading to a zero(optimal) matching cost.

For every pixel p(x, y) in the reference image, we loop
through all disparity hypotheses to calculate their matching
costs using equation 1. In the end, we obtain a matching
cost volume C – a three-dimensional array indexed by x, y,
and d.

3.2. Disparity selection using DP

DP is one of the most widely used algorithms in stereo.
Like several other real-time approaches (e.g, [6, 9, 10]),
we choose DP because it can offer both horizontally opti-
mized results and comparatively low computational com-
plexity suitable for real-time computation.

The stereo correspondence problem can be treated as
finding an optimal path of disparities that minimizes the
global energy function (equation 2) for each scanline
through a two-dimensional search plane. The search plane
is a slice in the matching cost volume C, i.e.,C(x, y, d)
where y is a constant.

E(d) = Edata(d) + Esmooth(d) (2)

In equation. 2, the data term is the matching cost (e.g.
defined by equation 1) and the smoothness term Esmooth

encodes the smooth assumption. In our implementation,
Esmooth is formulated as equation 3, where λ is a constant
used to penalize depth discontinuities.

Esmooth = λ ·
∑

x

|d(x)− d(x + 1)| (3)

DP can efficiently handle this class of problems that ex-
hibit optimal substructure by combining the solutions to
sub-problems. We use DP to extract the best path in the
following manner: for each scanline y in the reference im-
age we construct a matrix M with N rows and W columns,
where N represents the disparity range and W is the image
width. Each entry in the matrix is a potential place along the
path. During initialization, a slice of the cost volume C is
copied into M, i.e., M(x, d) = C(x, y, d). Next the matrix
M is re-filled in a left-to-right fashion based on the ordering
constraint. That is, the matrix is updated using:

M(x, d) = M(x, d) + min(M(x− 1, d− 1) + λ,

M(x− 1, d), M(x, d + 1) + λ) (4)

After the rightmost column is filled, the best path can be
found by back-tracking. The optimal path corresponds to a
disparity assignment for each pixel on the scanline. The DP
process is repeated over all the scanlines to generate the full
disparity map.

3.3. Matching cost aggregation

We now introduce the key component in our algorithm.
In a typical stereo algorithm, the matching cost volume C is
updated as

C’(x, y, d) =
∑

(x′,y′)∈Ω

C(x′, y′, d), (5)

where Ω is a small neighborhood around p(x, y). The im-
plicit assumption made here is that the surface is locally



Figure 2. Comparison of adaptive weight window with fixed-
weight window. The depth result was computed using dynamic
program after cost aggregation. The top-left image is from a
32× 1 support window with adaptive weight. The other are from
a n × 1 support window with constant weight, where n = 1(top-
right), 4(bottom-left), 8(bottom-right), respectively.

smooth and fronto-parallel (facing the camera), so neigh-
boring pixels are likely to have the same disparity value.
However, this assumption is invalid on occlusion bound-
aries. How to effectively deal with pixels on occlusion
boundaries remains an active research topic in stereo.

We adopted the adaptive weight approach from [29]. The
basic idea is to aggregate the matching cost based on both
color and geometric proximity. Given a pixel p (we dropped
the coordinate indices for simplicity in notation), and a pixel
l in its support region, the matching cost from l is weighted
by the color difference (∆cpl)) between p and l, and the Eu-
clidian distance (∆gpl) between p and l on the image plane.
The formulation for the weight w(p, l) is:

w(p, l) = exp
(
−(

∆cpl

γc
+

∆gpl

γg
)
)

, (6)

where γc and γg are weighting constants determined empir-
ically2.

The aggregated cost is computed as a weighted sum of
the per-pixel cost. That is:

C’(p, d) =

∑
l∈Ωp,l′∈Ωq

w(p, l)w′(q, l′)C(p, d)∑
l∈Ωp,l′∈Ωq

w(p, l)w′(q, l′)
. (7)

Note the slight change in notation that we index into the cost
volume using pixels (i.e., p) instead of pixel coordinates
(i.e., x, y). p and q are the hypothesized matching pixels,
and their weight masks are denoted as w(p, l) and w′(q, l′).

2The formulation in the original paper includes a weighting constant k
for the entire equation, which seems to be redundant after normalization.
We do not use it in our experiments.

l and l′ are the corresponding pixels in p and q’s support
region, respectively. In equation 7, the weights from both
images are used.

This simple approach has shown to be remarkably ef-
fective. It is similar in spirit to many segmentation-based
stereo algorithms(e.g. [23]), but it avoids the difficult prob-
lem of image segmentation by using a continuous weighting
function.

However, this aggregation scheme is very expensive in
terms of computation. Unlike many schemes that utilize a
rectangular window, which can be efficiently computed ei-
ther incrementally or through separate passes, the weight-
ing mask varies from pixel to pixel because the center pixel
has different colors. As reported in [29], it took about
one minute to produce a small depth map (i.e., about 0.03
Mde/second), which makes real-time application impossi-
ble.

Vertical aggregation We instead use the above scheme to
aggregate over a vertical 1D window (i.e., a single column).
After aggregation, pixels between scanlines are likely to
have a more consistent cost if they are sharing the same
color (and therefore more likely to belong to the same sur-
face). The inter-scanline consistency can be better enforced
in the final disparity selection stage.

Figure 2 illustrates the advantages of using an adaptively
weighted window in the vertical direction. With a small
fixed-weight window (e.g. a mean filter), the occlusion
boundaries are preserved and the fine 3D structures are vis-
ible, but the noise and the “streaking” in the disparity map
are also obvious. Similar results were obtained in [9] in
which the cost from the previous scanline is aggregated.
With a larger window, the overall result is much smoother,
but the occlusion boundaries are over-smoothed and some
fine structures are missing. In contrast, using a large win-
dow with adaptive weight can maintain fine structures and
at the same time suppress noise and streaks in the disparity
map.

Two-pass aggregation We also investigated the use of
two separate 1D windows, one horizontal, and one vertical,
to approximate the full rectangular weight mask in equa-
tion 6. In essence, we first aggregate the cost in the vertical
direction as described above, then sum the aggregated cost
again using a horizontally weighted mask.

The weighted-sum function in equation 7 is not separa-
ble in theory, but we found that our two-pass approximation
worked well in practice. Figure 3 shows several masks for
different pixels in the Tsukuba image. In most cases, our ap-
proximation mask is very similar to the original mask. The
rightmost image has two diagonal thin lines with similar
color and the weight in our approximation, while still cor-
rect, drops off much faster. In these worst-case scenarios in



Figure 3. A comparison of our approximated weight masks with
the original masks. (top row) close-up views at several pixel lo-
cations in the Tsukuba image. The blue square marks the center
pixel. (second row) the corresponding masks copied from [29].
(third row) the masks using our two-pass aggregation.

Figure 4. A comparison of our approximation with the original
method [29]. (left) a sample depth map from [29]. (right) the depth
map using our two-pass approximation. The parameters in equa-
tion 6 are identical to these used in the original paper. A “winner-
takes-all” approach is used to select the best disparity value from
the aggregated cost volume. The computation was carried out in
software and finished in six seconds on a 3.0Ghz PC.

which the object boundary is diagonal, our approximation
is similar to a full mask computed from a smaller support
region.

Our two-pass approximation brings significant savings
in computation. reducing the complexity per disparity from
O(n2) to O(n), where n is the size of the window. In Fig-
ure 4 we show the depth maps resulting from our approxi-
mation and compare it with the result from [29]. The result
is visually comparable, but our result was produced in six
seconds while the original approach took about one minute.

3.4. Acceleration using graphics hardware

We have implemented the first (cost computation) and
second step (cost aggregation) on graphics hardware to fa-
cilitate real-time computation.

In the first step, we store the two input images as two
textures. For each disparity hypothesis d, we draw a 2D

rectangle aligned with two input textures, one of them be-
ing shifted by d pixels. We use the pixel shader, a pro-
grammable unit in the graphics hardware [16], to compute
the per-pixel absolute difference, which is written to an out-
put texture. Since the graphics hardware is most efficient
at processing 4-channel (RGB + alpha) color images, we
compute four disparity hypotheses at a time and store the
absolute-difference images in different channels. To search
over N disparity hypothesis, dN/4e rendering passes are
needed and the matching cost volume is stored in dN/4e
textures.

For the second aggregation step, we first need to com-
pute the weight masks for both images. Similar to the pro-
cess used in cost computation, we shift the image over itself
to compute the weights according to equation 6 and store
them in textures. The 1D window size is always set to a
multiple of four to facilitate the 4-vector processing capa-
bility on the graphics processing unit (GPU). After weight
mask computation, we can step through the cost volume to
aggregate the weighted cost. A fairly complex pixel shader
program is implemented to index into both the cost textures
and weighting mask textures to calculate the final cost. To
aggregate the cost over N disparity hypotheses with a win-
dow of H × 1, dN ·H

16 e rendering passes are needed in our
current implementation.

The advantage of using graphics hardware mainly comes
from the parallelism inherent in today’s GPU. The latest
generation has up to 24 pixel shader units. Both cost com-
putation and aggregations are very regular operations that
can benefit most from GPU’s parallel architecture.

The aggregated cost volume can be used for a “winner-
takes-all” disparity selection on GPU (as in [26, 4]), or it
can be read back to main memory for CPU processing us-
ing DP. It should be noted that it is also possible to imple-
ment the entire DP process on GPU. However, as reported
in [10], a GPU-based DP program is actually slower than
its CPU counterpart. This is mainly due to the significant
number of rendering passes needed and the lack of true
branching capability on GPU [10]. Therefore we adopted a
co-operative approach, using the GPU to compute the cost
volume and the CPU to carry out DP. With the new PCI-
Express interface between CPU and GPU, the communica-
tion bandwidth is huge (full-duplex at 4GB/second), remov-
ing a long-existing bottleneck between GPU and CPU. Our
approached not only makes use of both CPU and GPU in
parallel, but also makes each part do what it is best at do-
ing: the GPU performs image warping and aggregation in
massive parallelism, and the CPU performs DP which re-
quires more flexible looping and branching capability.

4. Results
We first evaluate the reconstruction quality of our

approach using the benchmark Middlebury stereo data



set [20]. The cost computation and aggregation are com-
puted on the graphics hardware and the DP is computed
in software. The few four parameters are set to be identi-
cal across all experiments. They are: support window size
(32× 1), two parameters in equation 6 (γc = 10, γg = 40),
and the discontinuity cost (λ = 7) in DP (if used). The re-
sults from all four test images are shown in figure 5. One
may notice that the Tsukuba image in the second row is not
as good as the one in figure 4 (right), which is computed in
CPU. We believe it is a precision issue in the GPU imple-
mentation. While the pixel shader performs computation in
32-bit floating point numbers, we store the intermediate re-
sult as image textures (8-bit per channel). The accumulation
error from the two-pass aggregation is much more signifi-
cant than the one-pass vertical-only aggregation. This also
explains the problem that two-pass+DP (last row) is not as
good as one-pass+DP (first row). Changing the discontinu-
ity cost could improve the results in the last row, but still not
as good as those in the first row.

Using the online system at [20], we have evaluated the
numerical accuracy of our best result (vertical aggregation
+ DP) and show part of the result in Table 1, more can be
found online. Our approach is better than all DP-based ap-
proaches in the current table.

The old evaluation table at Middlebury, which contains
more algorithms, is no longer functional. We have collected
the results (based on real images) from all DP-based ap-
proaches and compare them to our approach in Figure 6.
Our result is likely to rank second numerically, behind [14],
which took several seconds to compute one depth map.

Live system We integrated our algorithm into a stereo
system with live video input. Results from this live sys-
tem can be found in the accompanying video.3 The input
images are rectified with lens distortion removed. This pre-
processing is implemented on the graphics hardware using
texture mapping functions.

Figure 1 shows some live images from our system. No-
tice the fine structures and clean object boundaries our ap-
proach is able to produce. The speed of our system is sum-
marized in Table 2. Our GPU-accelerated version is two
orders of magnitude faster than its CPU counterpart. It
should be noted that our CPU implementation is not yet op-
timized at the assembly level, which could lead to 2-3 times
speedup.

5. Conclusion and Future Work
In this paper we present a novel approach using adaptive

weighting in a stereo framework based on DP. The use of
3Some of the motion artifacts were caused by the faulty cameras that

sometimes failed to deliver synchronized images. This hardware failure
happened three days before the submission deadline and we apologize that
we cannot fix it in time.

a color and distance weighted cost-aggregation window in
the vertical direction significantly reduces the “streaking”
arifacts without using multiple DP passes. Experimental
results have shown that it is among the best performing DP
algorithms in terms of both quality and speed. In addition
an approximation for the 2D adaptive window is developed,
which leads to a fully GPU-accelerated implementation to
achieve two orders of speed-ups compared to the original
approach in [29].

Looking into the future, optimizing DP using MMX (as
in [9]) is likely to double the frame rate. We would also
like to investigate the precision issue on the graphics hard-
ware. Current graphics hardware does provide limited sup-
port for high-precision texture maps, at the cost of signifi-
cant performance degradation (the hardware is optimized to
work with 8-bit textures). From an algorithmic standpoint,
our DP implementation enforces the ordering constraint for
speed consideration. Very fine 3D structures (such as the
flower stem in Figure 1) may disappear if it is far away from
any object. We plan to investigate the use of scanline op-
timization [21], which enforces the smoothness constraint
directly without using the ordering constraint. Another in-
teresting venue to explore is to enforce the temporal consis-
tency in the video in order to reduce the flickering.
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