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Real-Time Dense Stereo for Intelligent Vehicles
Wannes van der Mark and Dariu M. Gavrila

Abstract— Stereo vision is an attractive passive sensing technique for obtaining three-dimensional (3-D) measurements. Recent hardware advances have given rise to a new class of realtime dense disparity estimation algorithms. This paper examines
their suitability for intelligent vehicle (IV) applications. In order
to gain a better understanding of the performance and computational cost trade-off, the authors created a framework of
real-time implementations. This consists of different methodical
components based on Single Instruction Multiple Data (SIMD)
techniques.
Furthermore, the resulting algorithmic variations are compared with other publicly available algorithms. The authors argue
that existing, publicly available stereo data sets are not very
suitable for the IV domain. Therefore, the authors’ evaluation of
stereo algorithms is based on novel realistically looking simulated
data as well as real data from complex urban traffic scenes. In
order to facilitate future benchmarks, all data used in this paper
is made publicly available.
The results from this study reveal that there is a considerable
influence of scene conditions on the performance of all tested
algorithms. Approaches that aim for (global) search optimization
are more affected by this than other approaches. The best
overall performance is achieved by the proposed multiple window
algorithm which uses local matching and a left-right check for
robust error rejection.
Timing results show that the simplest of the proposed SIMD
variants are more than twice as fast than the most complex one.
Nevertheless, the latter still achieve real-time processing speeds
while their average accuracy is at least equal to that of publicly
available non-SIMD algorithms.
Index Terms— Dense disparity, real time, single instruction
multiple data (SIMD), stereo vision.

I. I NTRODUCTION

A

N appealing application of intelligent transport systems
(ITS) is the automatization of the transport of people and
goods in inner city environments. In order to preserve safety in
such complex environments, current operational systems, such
as people movers, need areas or lanes that are separated from
other traffic. Reliable, robust and real-time obstacle detection
methodologies are needed to enable the safe operation of
these types of intelligent vehicles (IV) among other traffic
participants such as cars and pedestrians.
Stereo vision has the advantage that it is able to obtain an
accurate and detailed 3D representation of the environment
around a vehicle, by passive sensing and at a relatively low
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sensor cost. The work by Labayrade et al. [18] is an example
of a real-time stereo system that is able to detect vehicles up
to 80 m away. This and other previous applications (e.g. [6])
for IV have mostly used sparse, feature-based approaches to
stereo vision. Here only a subset of image pixels (e.g. vertical
edge pixels) are matched, in order to meet real time processing
requirements.
However, by only using sparse depth data, it is more difficult
to perform a subsequent object segmentation step. For example, the vertical edges of a single object are often separated. If
edges of different objects are near to each other it is difficult
to determine which of them belong to the same objects. This
complicates the application of other processing steps such as
classification and tracking because these require some form
of image segmentation. For this reason, it is attractive to use
dense stereo vision, that tries to estimate disparity for all image
points.
A large research community centres around dense stereo
vision because it is attractive for a number of applications such
as robot navigation, surveillance systems, 3D modelling, augmented reality and video conferences. Many systems for dense
stereo vision or disparity estimation have been presented, as
discussed in two large surveys of the field, one by Scharstein
and Szeliski [22] and another by Brown et al. [3].
In contrast to previous surveys, this paper does not aim
to review the whole field of dense stereo. Our aim is to
investigate if certain approaches to dense stereo vision are
more suitable for IV applications than others. The criteria
of this investigation are founded on practical considerations
specifically related to the IV domain.
The first of these considerations is that application of dense
stereo in IV is only possible if the disparity map can be calculated in real-time. Single Instruction Multiple Data (SIMD)
offers an appealing and straightforward way for speeding up
computation by carrying out one operation on multiple values
simultaneously. Because the parallelism is only in terms of
the data, difficult problems such as process synchronization
can be avoided.
Over the past few years, manufacturers have extended
general purpose processors with SIMD capabilities in response
to demanding multimedia applications (e.g. SSE2 instruction
set for Intel processors, as used in this paper). Yet SIMD also
forms the basis architecture for special hardware as used in
the ITS domain (e.g. DSPs), which faces particular demands
with respect to power consumption, cost and compactness.
Therefore, in order to evaluate dense stereo vision algorithms
from IV perspective, it is important to consider their suitability
regarding SIMD parallelism.
In this paper, we identify different methodological components and develop efficient underlying SIMD implementations.
The latter are combined in a single framework enabling
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comparisons and analysis of the various approaches on an
equal basis.
A second consideration is that the output of stereo algorithms on itself is not interesting for IV applications. Only
subsequent steps, such as obstacle detection or segmentation,
can provide useful information about the vehicle surroundings.
Other work on dense stereo vision has often used error
measures where only the quality of the disparity values was
evaluated. We will present error measures and evaluation
techniques which are more related to typical applications of
stereo vision in the IV domain.
The outline of this paper is as follows. Section II first
discusses a number of concepts for dense disparity computation from the literature. In Section III, we present the
corresponding real-time SIMD implementations. Section IV
compares the resulting algorithms with additional, publicly
available approaches [1], [22] on both simulated and real data
depicting complex urban traffic scenes. Section V contains the
conclusion.
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be different. This can be caused by unequal left and right
camera sensor characteristics such as brightness and contrast.
It is also due to differences in lighting conditions at each of the
camera positions. If raw input images are used, it is necessary
to use an illumination invariant similarity measure. Because
invariant measures are computationally more expensive, preprocessing of input images is often applied to reduce the
illumination differences beforehand. One approach subtracts
median filtered versions from the original input images [24]. A
more popular approach is the convolution of the input images
with a Laplacian of Gaussian (LoG) kernel [4]. This reduces
illumination influences because the response of the Laplacian
is zero in areas with constant intensity while it is either positive
or negative near edges with high intensity gradient.
Preprocessing can also be used to extract extra information
in order to aid the subsequent disparity search. Hong and Chen
[11] use colour based segmentation to find similarly coloured
patches. They match patches instead of individual pixels because the assumption is that no large disparity discontinuities
occur within the homogeneous coloured patches.

II. A PPROACHES TO STEREO VISION
The goal of stereo disparity estimation is finding the correct
correspondences between image points from the left and right
camera. For each point, the positions of possible matches in
the other image is constrained to a single epipolar line, if
the stereo camera geometry is known. Most approaches to
disparity assume that the epipolar lines run parallel to the
image lines, so that corresponding points lie on the same image
lines. This situation can be achieved for stereo cameras by
using a rectification technique [7]. If images are rectified, the
disparity d between a corresponding left point l and a right
point r can be expressed as:
d=l−r

(1)

The disparity space contains all possible matches for the
same left and the right stereo image line. The possible matches
for a point of the left line are a column in this space, the
possible matches for a point on the right line form a row.
Often, a minimum dmin and maximum dmax disparity are
used to bound this space. Fig. 1 shows a drawing of the
disparity space with dmin = 0.
Usually, one can distinguish two stages in a disparity estimator. In the first stage, cost values are calculated for comparing
the different points in the disparity search space. These cost
values are used in the second stage for searching the correct
points (matches) in the disparity space. Some algorithms use
additional pre- and post-processing steps. In order to simplify
the matching step, pre-processing is applied to reduce the
illumination differences between the stereo images. A typical
post-processing step is the detection of occlusions, that are
image regions only visible in one of the stereo images.
In the following sections we describe methods from literature that can be used for each step.
A. Pre-processing
A complicating factor for stereo matching is that the intensities of corresponding pixels from the stereo images can

B. Similarity measures
The simplest similarity measures are based on the difference
in pixel intensity, such as absolute difference (AD) or squared
difference (SD). Algorithms that only use these single intensity
measures in order to compare points are known as “pixel-topixel” algorithms. Unfortunately, discrete images have a quite
limited number of different gray-level intensity values. It is
possible to use colour instead [20]. However, colour is difficult
to use during nighttime conditions due to monochromatic
street lightening.
Pixel-to-pixel measures are not very distinctive when intensities of different pixels are the same or corrupted by noise.
Birchfield and Tomasi [1] also pointed out the sensitivity
to image sampling. For example, the pixel intensities on
corresponding stereo edges can be different due to aliasing.
They have therefore designed a measure that is less sensitive
to image sampling.
A more commonly used approach for improving distinction,
is using a larger support region for aggregating the cost values.
Typically, the sum of the pixel differences in a window around
a pixel of interest is used, such as the sum of absolute
differences (SAD) or the sum of squared differences (SSD).
The use of larger windows will lead to more robustness
against noise. However, larger windows with fixed size and
centre point will lead to less accuracy in disparity estimates.
This is due to the fact that areas on slated surfaces will warp
projectively between the stereo images. A square window on
such a surface will therefore only correspond correctly to a
projectively warped version in the other image.
Occlusions near object edges can also cause problems.
When a large window is centred around a background point
near a object edge it will almost certainly encapsulate a portion
of the foreground object. In the case of an occlusion, a large
amount of background pixels in the window will not be visible
in the other image. The resulting similarity measure will
wrongfully be biased towards disparities that belong to the
foreground pixels.
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Fig. 1. Disparity search space. The
light gray area shows the left-to-right
search area for a point match, while
the dark area shows the right-to-left
search area.

Fig. 2. Multiple cost windows. Apart
for the centre window indicated by
the solid lines, four additional windows centred at A,B,C and D are
used.

In the literature, several ways can be found to improve
window based matching. An adaptive size cost window was
proposed by the Kanade and Okutomi [12]. Given an initial
guess of disparity, they use a statistical technique in order
to estimate the optimal size and box shape of each matching
window. However, estimating the optimal window size at all
points is computationally expensive.
Other ways of improving the cost computation include
multi-scale techniques and the use of multiple windows. In
some multi-scale approaches several matching windows of
different sizes are used. The larger windows provide the robustness, while the smaller windows provide precision. On the
downside, matching errors at the coarse scale might propagate
to the finer scales.
A somewhat similar approach is not changing the size of
the windows, but having different options for the location of
the centre point. Both Bobick et al. [2] and Fusiello et al. [8]
use nine different window centre points in their approaches.
For real-time applications, Hirschmüller et al. [10] suggest
the use of five-window configuration. Fig. 2 shows the regular
matching window centred in the middle. On the edge points
(A,B,C,D) of this window four additional windows have been
indicated. Of these four windows the two with the lowest SAD
values are searched. They are added to the value of the centre
window. This step acts as a sort of deformable window, which
means that the resulting window does not have to be centred
on the point itself.
C. Disparity search
When similarity or cost values in the disparity search space
have been calculated, the correct matches can be searched.
A straightforward way of doing this is searching the disparity
interval per point for a optimum value. This approach is known
as the Winner-Takes-All (WTA) approach.
A drawback of the simple WTA approach is that it does
not consider the presence of occlusions. This will result in
wrong disparity estimates for those regions. Because WTA
only searches for optimum cost values it is very sensitive to the
results from the cost computation. The cost values computed
for a textureless region often do not indicate a optimum match
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due to their similarity. Repetitive texture, such as bars, can lead
to several ambiguous optimums. In these areas, the WTA is
prone to errors.
Assumptions about the scene geometry can be exploited to
improve disparity estimates. Three often applied assumptions
are the “smoothness constraint”, “uniqueness constraint” and
“ordering constraint”. The smoothness constraint is based on
the observation that changes in depth on surfaces are much
smaller than those at the edges of objects.
The uniqueness constraint states that a 3D point only
has exactly one projection in each of the stereo cameras.
Therefore, only one correspondence has to be found for every
stereo point pair. The constraint is only violated by image
points on transparent material or occluded image parts. The
ordering constraint states that the sequence in which points are
ordered on a left image line, is the same for the right image
line. If occlusions are present, points can be missing from
one of the line sequences, but the ordering will remain. There
are scene situations possible where the ordering constraint is
violated [26]. However, it is assumed that they are not very
common.
A cost function (CF) is one approach to enforcing smoothness. It can be used to locally add penalties to the values in
the disparity search interval of each next point on the scanline.
Mismatches can be suppressed by penalizing large jumps in
disparity between the scanline points. The difficulty of this
approach is how to choose the penalty function. If penalties
are too high, disparity jumps near edges are missed and if they
are too low the smoothness in not enforced.
Given a correct stereo match in the disparity space, both the
uniqueness and ordering constraint limit the number of possible matches for the following pixel on the reference image.
Because of the limitations, finding the correct disparities is
now akin to finding a valid path that takes the shortest route
through the cost values. Special rules for how to transverse the
search space can be added in order to handle occlusions and
jumps in disparity. Dynamic-programming (DP) techniques are
often used for this approach [2].
Another search optimization technique called Scanline Optimization (SO) was proposed by Scharstein and Szeliski [22].
Instead of enforcing special rules for occlusion and disparity
jumps, they use a global variant of a smoothness cost function
to add penalties to the matching costs. Then a disparity is
searched for each scanline point that minimizes the total cost.
In both the SO and DP the optimization and search techniques are constrained to one single scanline. Just like CF,
they are very dependent on the choice of rules that govern
the path propagation or the cost functions that are used for
searching the optimum solution. This can cause them to miss
or wrongfully suppress large jumps in disparity, for example
near object edges. These types of errors cause “streaks” of
erroneous disparity estimates along scanlines. Interline consistency is difficult to maintain with these techniques. Recently,
some work appeared on optimizing in more than one direction.
The two pass approach of Kim et al. [14], uses the results of
the first optimization pass along the scanlines to optimize the
estimates across the scanlines in the second pass.
An alternative approach is to view disparity search as
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a directed graph labelling problem. The graph nodes can
represent left and right pixel pairs with disparity as label.
They can also represent whole pixel patches extracted with
a pre-processing step. Each transition between nodes has a
cost specified by a CF that partially depends on the assigned
disparity label. In several approaches [17], [11], [5] graph cuts
are used to the find disparity label assignments that minimize
the transition costs. The graph optimization approach carries
a high computational cost. However, the algorithms based on
it are among those that currently reside in the top positions of
the performance ranking on the Middlebury stereo vision web
site [28].
D. Post-processing
This section is devoted to some of the additional steps
performed next to the disparity estimation. These include error
detection, subpixel interpolation and occlusion removal.
It was mentioned earlier that image regions with little
or repetitive texture are problematic for stereo algorithms.
Some approaches try to detect possible errors in the disparity
estimates. Fusiello et al. [8] use the variance of the cost values
in the disparity range of a point as a measure of confidence.
Other approaches [10] select the optimum C1 and second best
value C2 from the disparity search range. The confidence in
the selected optimum is expressed as:
C2 − C1
(2)
C1
The idea is based on the fact that the cost values of a
textureless region will be very similar. Repetitive texture will
lead to several optimums in the disparity interval. The measure
of Eq. 2 will be low in both cases. However, Mühlmann et
al. [20] argue that there are occurrences where the optimum
correspondence is actually between two pixels. This also leads
to two very similar optimum values in the disparity search
space. To prevent discarding good estimates on these points,
they suggest using the third best optimum instead of the second
best.
Besides using integer values for disparity correspondence,
floating-point values can be also used for subpixel accuracy.
Many algorithms use an additional post-processing step for
improving the disparity estimate to subpixel accuracy. If the
SSD similarity measure is used, the cost values near an
optimum can be approximated by a second degree polynomial.
Given the cost values of the optimum and its two nearest
neighbours, the subpixel estimate can be computed by:
C=

Cd−1 − Cd+1
(3)
2(Cd−1 − 2Cd + Cd+1 )
Although this formula is intended for the SSD measure,
many SAD based approaches [10], [20], [25] do also apply it
for subpixel interpolation.
As indicated earlier, an extra step is necessary to detect
and remove erroneous estimates on occlusions by WTA. The
assumptions about scene geometry can also be exploited for
this purpose.
One technique often used is the left-right consistency check.
This check exploits the uniqueness constraint. It is assumed
dsubpixel = d +
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that the left to right and the right to left disparities are
known. The algorithm checks that the disparity from left
to right correspondence is the same value as when it is
done conversely, searching the match from the right image
to left image. Different value means inconsistency that could
be caused by an occlusion and therefore, these matches are
removed.
A drawback of this approach is that the minimum disparity
has to be searched twice for every pixel. Stefano et al. [25]
show that the uniqueness constraint can also be exploited
for occlusion and error removal. During the search for left
to right disparities, the cost value of a best match is stored
for every newly matched right pixel. If a right pixel is
encountered that has been matched before, the new and the
old cost value of the match are compared. The old match
is removed when the new cost value is smaller. This allows
the algorithms to ‘recover’ from previously made bad matches.

III. D ENSE REAL TIME STEREO FRAMEWORK
In order to investigate the suitability of real-time dense
algorithms for the IV domain on an equal basis, we have
implemented our own framework of real-time dense stereo
algorithms. These algorithms use the latest SIMD SSE2 instruction set available on the Intel Pentium 4 or AMD Athlon
64 processors. The SSE2 instruction set uses 128-bit registers.
For integer operations these can contain packed 8, 16, 32 or
64-bit data buffers.
Implementation based on SIMD is not straightforward because it places restrictions on what kind of operations can
be used. An algorithm can only be sped up if the necessary
operations can be performed in parallel. Conditional constructs
must be avoided because they often lead to stalls of the
code path prediction unit on the processor [9]. Furthermore,
processing can only achieve its maximum speed if the values
reside in the (Level 1) cache of the processor. Because of
the much lower speed of main memory, loads and stores to
and from it should be kept to a minimum by doing all the
operations on the data in one go.
These considerations and the real-time requirements for ITS
limit our choice of approaches from the previous section. For
example, the current top ranking algorithms on the Middlebury
stereo vision web site [28], based on the graph cuts technique,
are not suitable due to their computational complexity and
memory requirements. Our implementation therefore consists
of several components, discussed in the previous section,
that are more suitable for real-time operation. They can be
combined to form different stereo algorithms.
The following sections explain how the components in our
framework have been optimized.
A. SAD value computation
The SAD similarity measure can be computed efficiently
by exploiting the fact that neighbouring windows overlap. For
neighbouring windows with the same disparity, the overlapping pixels will contain equal absolute difference (AD) values.
Therefore, a new SAD can be computed out of an old one by
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The maximum of the left hand side is compared with the
minimum of the right hand side and vice versa. The two
resulting minimum values are also the two smallest values
of the four windows. On average, only three compares are
needed to find the smallest values with this method.

x

Window sum of absolute pixel difference s

Fig. 3. Computation of a new SAD value out of the value of an old one
using intermediate row sums.

subtracting the values, which are only parts of the old window,
and adding the values, which are only parts of the new window.
Fig. 3 shows how a new SAD value of a window of size
width 2w + 1 and height 2h + 1 centred at (x, y + 1) can be
computed from the previous sum of a window at (x, y). This
process utilizes the intermediate sums of AD values in rows
of the same width as the matching window. Once such a sum
is initialized at the beginning of a line, successive sums can
be calculated recursively by first subtracting the most left AD
value and adding the new AD value at the right-hand side.
Calculated AD values for the additions are stored temporally
in order to re-use them for the subtractions.
Two intermediate sums are applied in order to calculate the
new SAD value of a window at (x, y + 1) from the old value
of the window at (x, y). The first intermediate sum is used
for the AD values that belong to the upper row of the old
window. The second sum holds the AD values of the lower
row of the window at the new position. By subtracting the
upper row and adding the lower row, the new SAD value can
be calculated. By repeating this process, a cascade function
is created that only requires two pixel AD’s, four subtractions
and four additions in order to compute a new window sum.
The previously described steps can be executed for multiple
disparity values simultaneously with SIMD type processing.
For the computation of the AD values, SSE2 register xmm0
is filled with 16 copies of the left pixel value. The register
xmm1 holds 16 pixels values from the right disparity interval.
Only two saturated subtractions (xmm0−xmm1 and xmm1−
xmm0) and the logical or of the results is needed to calculate
the 16 AD’s. The update of the intermediate sums and the
SAD values themselves are carried out with regular SSE2
subtractions and additions.
B. Multiple windows
As explained earlier, the main deficiency of window based
algorithms is their poor performance near object edges and on
textureless regions. Multiple window approaches can improve
the results.
Our implementation of the five window method by
Hirschmüller et al. [10] uses a vertical and horizontal step.
In the vertical compare step, newly computed SAD values
are compared with the values of 2h processed image lines
earlier. The results are temporally stored as the minimum
and maximum values for the current ‘centre’ image line of h
image lines earlier. In the horizontal step, the vertical values
on either side (x − w and x + w) of a point are compared.

C. Left to right minimum search
An important step in a stereo algorithm is searching for the
disparities with the lowest SAD values. Fig. 1 shows the search
space for a disparity interval of 0 ≤ d ≤ max. For a point
l on the left image line, the possible matches with points on
the right image line are indicated with light grey in the search
space. Finding the correct match by searching the match with
the lowest SAD value is computationally expensive because
the whole disparity interval has to be searched.
In [24], a method was shown for finding a minimum using
multimedia extensions (MMX) instruction set that we have
modified to work with SSE2. In this approach two types of
SSE2 registers are used, one holding the range of disparity
values and the other holding a copy of the associated SAD
values. All values of two SAD registers can be compared
in pairs using a single ‘compare smaller than’ instruction.
Both the smaller SAD values and accompanying disparity
values can be selected afterwards, using the resulting binary
mask. This algorithm can be used to process a large disparity
range recursively, after which only eight values remain to be
searched in order to find a single minimum.
D. Right to left minimum search
Disparity search can also be performed from right to left.
Dark gray is used in Fig. 1 to indicate possible matches on
the left line for a right point r.
Right to left search does not require recomputation of the
SAD values, the earlier computed left to right values can be
re-used. However, because of the arrangement of the values
in memory, a different algorithm is needed in order to apply
SIMD techniques. By evaluating the SAD value of multiple
right points, instead of one point, this problem can be solved.
Similar to the approach chosen for left to right search, we
start out with an array holding the SAD values and another
holding the disparity values. However, now the SAD values
are compared with the SAD values in the next array. In order
to align the next SAD values, the values are shifted down one
position. By repeating these steps, all the SAD values in the
disparity interval of a right pixel are compared sequentially.
Eventually, the lowest SAD value and its disparity are the ones
discarded from the arrays during the shift step.
E. Search optimizing technique
Almost all real-time SIMD based algorithms known from
literature use the simple WTA technique for disparity search.
We have also implemented a search optimizing method based
on dynamic programming. It is based on a technique, proposed
by Kraft and Jonker [15], that uses two stages; a cost value
propagation stage and a collection stage for retrieving the best
disparity estimates.
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H. Algorithms
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Fig. 4. Possible predecessor points in cost propagation step. Predecessor
point B has the same disparity as point D, while the points A and C are
respectively an occlusion or part of a discontinuity.

In the cost propagation stage, which runs from left to right
through the disparity space, each point receives a cost value
from a preceding point. The number of preceding points is
limited to three possibilities, that are indicated for a single
point in Fig. 4. Each preceding point has a different weight
cost added to its accumulated cost value. Constant weights WA
and WC are used for the points A and C which are occlusion
and discontinuity points, respectively. The actual SAD value
of point B is used as its weight because its disparity is equal
to that of the current point. The predecessor with the lowest
total cost value is selected as predecessor of the current point.
Each point also stores the location of its predecessor. These
references link up to form a path trough the disparity search
space. At the end of the propagation stage, the best path is
simply selected by searching for the lowest accumulated cost
value. The best disparities are found in the collection stage by
backtracking this path.

F. Subpixel interpolation
The algorithms of our framework estimate disparity with
subpixel accuracy. Until now, we have described integer based
operations with SSE2. The (older) SSE instruction set also
contains SIMD operations for operations on 128 bit registers
with packed 32 bit floats. We use SSE instructions for computing Eq. 3, which enables subpixel estimation for four points
simultaneously.

G. Occlusion removal
We have implemented two types of algorithm components
for removing pixels in occlusions and erroneous matches. The
first type is the left-right check [10], [20], [24]. The second
type is the “recover” approach [25]. Detected occluded pixels
are set to a predefined error code. This can be a value that is
higher than the disparity maximum or simply zero.
Because of the conditional dependencies used in both approaches no straightforward application of SIMD is possible.
Fortunately, each check only has to be executed one time
for every pixel. The required overhead is insignificant when
compared to the other steps.

Using the described components we have created seven
different stereo algorithms:
1) SADL : SAD WTA only left to right search.
2) SADRec : SAD WTA with recover approach.
3) SADLR : SAD WTA with left-right check.
4) SADM W 5 L : same as 1, but with multiple windows.
5) SADM W 5 Rec : same as 2, but with multiple windows.
6) SADM W 5 LR : same as 3, but with multiple windows.
7) SADDP : SAD with dynamic programming disparity
search method.
IV. E XPERIMENTS
The presented implementations have been tested and compared, together with four other publicly available algorithms.
These are the SSD, DP and SO implementations, created by
Scharstein and Szeliski (S&S) for their survey [22], that are
available on the Internet [28]. Furthermore, an implementation of Birchfield and Tomasi’s (B&T) [1] algorithm in the
OpenCV library [27] is used.
The SSD algorithm is a WTA type algorithm like the
majority of our implementations, however it uses the sum of
squared differences for matching cost computation. Both DP
and B&T use dynamic programming for searching the correct
disparities. In contrast to the other algorithms, B&T does not
use matching windows. Its measure is based on interpolating
values between real pixels to achieve sampling invariance. The
SO algorithm uses scanline optimization for improving the
disparity estimate.
A. Stereo image test sequence
For evaluation purposes, several standard stereo image pairs
with ground truth are available. A well know example are the
stereo pairs of Tsukuba University. Unfortunately, the disparity
range of these pairs is quite small (16 pixels) and the ground
truth disparity is only given with 1 pixel accuracy.
Another well known test set was introduced by Scharstein
and Szeliski in their survey [22]. It does provide wider baseline
stereo images with subpixel accurate ground truth disparity.
However, in order to keep the acquisition of ground truth
disparity simple, the images only contain planar surfaces.
Because our goal is to investigate the suitability of dense
stereo vision algorithms for application in the IV domain,
test images are needed which show realistic traffic scenes.
Unfortunately, none of the commonly used test sets resemble
this type of data.
Instead, we use both real and synthetic data of traffic scenes
to evaluate the algorithms. The real image sequences were
recorded with a vehicle mounted stereo camera. These depict
typical traffic scenes with obstacles such as pedestrians and
other cars. Unfortunately, the real images do not come with a
ground truth disparity. It is possible to obtain a ground truth
disparity image with techniques such as active lighting [23].
However, this is not a practical approach for outdoor scenes
and moving stereo camera rigs. Our analysis of the results
with real stereo images is therefore limited to qualitative
comparisons.

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 7, NO. 1, MARCH 2006

Fig. 5.
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Virtual left stereo images from the sequence used for our experiments (frame nr. 20, 60, 100, 140, 160, 220, 260 and 300).

a. Virtual left stereo image

b. By S&S DP without noise

a. Real left stereo image

b. By B&T DP

c. By WTA MW5 lr with noise

d. By S&S DP with noise

c. By WTA MW5 lr

d. By S&S DP

Fig. 6.

Results with simulated stereo images.

A stereo image pair and its ground truth disparity also
can be generated synthetically from a 3D computer model.
The MARS/PRESCAN software [19], [21] is a framework
for simulation of different vehicle mounted sensors; such
as radar, laser rangefinder or camera based systems such as
stereo vision. With this simulator, a sequence was created of a
virtual vehicle equipped with a stereo camera driving through
traffic scenes. The used city-like scenery is complex and other
moving vehicles are present.
As ground truth, the simulator provides the range images for
each of the stereo images in the sequence. For our experiments,
these are converted to disparity images.
The MARS/PRESCAN synthetic stereo images and ground

Fig. 7.

Results with real stereo images.

truth data used in our experiments is publicly available for
download from the Internet [29]. Some of the 326 images of
this sequence, which have a resolution of 512 by 512 pixels
and disparity range of 48 pixels, are shown in Fig. 5.
B. Adding real image influences to synthetic images
We first looked at the qualitative similarities between the
output disparity images generated with the simulated images
and real images. The results of the simulated data were very
good for all algorithms, see for example the DP result in the
noiseless case (fig. 6b). This is caused by the fact that no
image noise was added to the simulated images.
However, in the output for real stereo images we could more
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clearly see errors. An example of a real stereo image of a
vehicle mounted camera is shown in Fig. 7a. The output of
dynamic programming approaches such as B&T and DP now
shows a lot of “streaking” errors near object boundaries. WTA
approaches such as in our framework and SSD, on the other
hand, generate mainly errors on areas with insufficient texture.
See for example the road surface in Fig. 7c.
In order to approach the conditions of the real images
more closely we added a number of stereo camera related
perturbations. These perturbations are mainly due to the optics,
sensor signal to noise ratio and the calibration of the stereo
rig itself.
Light passing through the edges of a camera lens will hit
the image sensor under a different angle than the light that
passes trough the middle. The light rays at the image edges
are scatted over a larger sensor area than those at the middle.
This effect is known as ‘vignetting’ and causes pixels far away
from the image centre to be darkened. Fig. 8, shows the pixel
weights that are multiplied with the original image pixels to
add this effect. The weights where obtained with the cos4 -law,
which is the technique for calculating vignetting illumination
fall-off [16].
In real cameras two forms of image noise are caused by the
image sensor. The first type is called fixed pattern noise and
is caused by physical differences between the light sensitive
elements on the sensor. However, in almost all modern cameras
the influence of this type of noise is negligible because nonuniformity correction is used. The other type is called temporal
noise and is due to the sensors signal to the noise ratio. This
type of noise was introduced to the synthetic images by adding
white Gaussian noise with zero mean and a variance of 1
intensity level.
Because dense disparity estimation relies on steps for removing lens distortion and rectifying the stereo images, the
stereo camera calibration itself is also a potential source of
perturbations. In order to add this influence to the “perfectly”
rectified synthetic images, we performed the undistortion and
rectification steps on them with parameters based on typical
residual errors of stereo calibration. Fig. 8 shows the magnitudes of the distortion effect between the original and the
distorted synthetic images.
Outputs of the algorithms with these corrupted images now
involve similar artifacts as observed in the real images, e.g.
see SADM W 5 LR and DP results in Fig. 6c & d and Fig. 7c
& d.
C. Error measures
Several approaches to quantitative evaluation of stereo algorithms exists. One of the most simplest error measures is
the averaged absolute mean error:
n

Eabs =

1X
|gi − di |
n i=1

(4)

Where g is the estimate by the evaluated algorithm and d
is the ground truth. Larger errors can be accentuated by using
the squared error instead of the absolute error:
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n

Esq =

1X
(gi − di )2
n i=1

(5)

The drawback of both error measures is that they do not
distinguish well between disparity estimates with a lot of small
errors and disparity estimates with only a few large errors.
Another error measure is the bad pixel percentage. It uses
a threshold δ to set a maximum allowed absolute error. The
absolute differences with the ground truth larger than this value
are counted as bad pixels:
n

B = 100%

1X
(|gi − di | > δ)
n i=1

(6)

In contrast to the previous two error measures, small errors
are ignored while other errors are counted regardless of their
magnitude.
It is difficult to relate the error measures presented so far
to problems encountered when dense stereo vision is used as
a sensor on a intelligent vehicle. Issues that are of importance
here are the ability to detect objects such as obstacles and
determine their range accurately.
Classifying a group of pixels as an obstacle requires that
they are distinguishable from other background items such as
the road surface, buildings or the sky. We therefore use the
ground truth disparity from the MARS/PRESCAN simulator
to divide pixels in each stereo image into four classes. These
are foreground and background obstacles, road surface and
sky. The two cars are the foreground obstacles in our sequence
while the buildings are background obstacles. Both pixels on
the road and the curb belong to the road surface class. Pixels
that have zero ground truth disparity are classified as being
sky. Examples of the three pixel classes are shown in Fig. 9.
A range can only be given for pixels that lie on surfaces,
such as the foreground, background and road pixels. For these
three pixel classes we define the estimation density D of a
disparity image as:
D = 100%

m
n

with m =

n
X

gi > 0

(7)

i=1

This measures which percentage of the foreground, background or road surface pixels have been assigned a disparity
estimate.
For stereo, range has an inverse relationship with disparity;
small disparities correspond to large distances while large
disparities correspond to small distances. Thus, an error in
disparity for a far away point corresponds to a larger error
in range than the same small error in disparity for a nearby
point. The error measures of Eq. 4, 5 and 6 do not take this
into account. In the Mean Relative Error measure the absolute
error is divided by the ground truth disparity for each pixel.
Therefore, this measure does actually relate to the expected
error in range estimation.
Erel

¶
m µ
1 X
|gi − di |
=
(gi > 0)
m i=1
di

(8)
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Vignetting

Fig. 8.
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Resulting image

Distortion

Sensor noise

Influences on the quality of a stereo image pair.
TABLE I
R ESULTS OF THE DISPARITY ESTIMATORS FOR DIFFERENT TYPES OF SURFACE PIXELS .

SADL
SADRec
SADLR
SADM W 5L
SADM W 5Rec
SADM W 5LR
SADDP
S&S SSD
S&S SO
S&S DP
B&T DP

R%
0
25.4
26.8
0
20.9
24.5
6.3
0
0
0
0

Foreground
D%
Erel
98.8 0.233
72.7 0.182
73.0 0.156
98.9 0.213
75.8 0.172
75.3 0.149
82.6 0.188
98.2 0.239
93.9 0.153
92.8 0.188
96.3 0.233

R%
0
18.3
17.7
0
14.4
12.4
5.8
0
0
0
0

Background
D%
Erel
99.1 0.662
80.9 0.460
82.0 0.386
99.2 0.535
84.3 0.397
87.4 0.340
90.0 0.361
97.2 0.574
97.5 0.457
99.2 0.335
99.6 0.333

For ITS applications it might be perceived that only the
performance measures for the foreground obstacles are important. However, obstacle detection itself involves finding
the correct foreground pixels among the other pixels classes.
Since the road surface is more easily distinguishable than the
(smaller) foreground objects it is actually searched first in
some approaches. The performance measures for the other
classes are therefore significant because bad estimates here
can cause false positives.
D. Algorithms of the framework
The SIMD based algorithms of our framework and others
from the public domain were tested with our sequence. The
window based algorithms all used the same square window
size of 9 by 9 pixels for cost computation. The weights for
SADDP were set so that WA = 34000 and WC = 1000. The
tests were conducted on an Intel Pentium 4 3.2 GHz PC with
1.0 GB RAM.
The results for the full resolution frames 1 until 90 are
shown in Table I. For each of the surface pixel classes the
rejection percentage R%, estimate density D% and averaged
relative mean error Erel are shown. The fourth column shows
the overall results averaged over all the surface pixels.
We first studied the overall performance of the different
algorithms from our framework. The algorithms that do not
reject pixels show the highest error rates, see Table I. These are
mainly caused by erroneous estimations in difficult areas such
as occlusions and textureless regions. The algorithms with
post-processing have lower error rates because they manage
to reject many of these pixels. Comparing the percentages of

R%
0
11.5
9.0
0
11.0
7.6
1.9
0
0
0
0

Road
D%
99.7
88.2
90.9
99.8
88.1
92.4
94.8
98.8
95.4
95.6
99.2

Erel
0.142
0.109
0.100
0.120
0.098
0.088
0.076
0.159
0.126
0.087
0.110

R%
0
18.4
17.8
0
15.5
14.8
4.7
0
0
0
0

All Surfaces
D%
Erel
99.2 0.346
80.6 0.250
82.0 0.214
99.3 0.289
82.7 0.222
85.0 0.192
89.1 0.208
98.1 0.324
95.6 0.246
95.9 0.203
98.4 0.226

pixels rejected by the recovery and the left-right approach, it
is clear that the left-right approach rejects more pixels. Our
DP approach rejects the least amount of pixels.
Considering the timing results for both half and full resolution frames in Table II, it is clear that the improvement
by the post-processing steps comes at the price of a higher
computational cost. The left-right consistency check is more
expensive than the recovery approach. If the processing times
of SADRec and SADLR algorithms are compared to the
time needed for SADL , the recovery approach shows a 10%
increase, while the left-right check shows a 20% increase.
The DP approach has the highest computational cost of our
optimized algorithms. This is due to the fact that references
have to be stored for back propagation phase, which increases
the number of expensive memory operations.
It should be noted that the achieved run times only give
an outlook on future performance because they have been
achieved on general purpose computer hardware. For ITS
it is much more likely that more dedicated and low-power
embedded SIMD hardware will be used.
As follows from Table I, the multiple window approach
does improve results. It also decreases the number of rejected
pixels. Of all our algorithms the SADM W 5 LR algorithm has
the lowest mean relative error for all surfaces pixels. From the
timing results however, it is clear that the multiple window
approach is expensive compared to the single window approach. The multiple window approach increases computation
by about 50%.
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Original Image

Fig. 9.

Foreground pixels
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Background pixels

Road surface pixels

The different pixel classes used for evaluation.
Obstacle pixels
100

90

90

80

80

70

70

60

60
Density (%)

Density (%)

Obstacle pixels
100

50

50

40

40

30

30

20

20
SAD
MW5 Rec
SAD
MW5 LR
SAD

10

S&S SO
S&S DP
B&T DP

10

DP

0

Fig. 10.

0

10

20

30

40
50
frame nr.

60

70

80

0

90

0

10

20

30

40
50
frame nr.

60

70

80

90

60

70

80

90

The estimation densities of six algorithms on foreground pixels.
Obstacle pixels

Obstacle pixels

1

1
SAD
MW5 Rec
SAD
MW5 LR
SAD

0.9

S&S SO
S&S DP
B&T DP

0.9

DP

0.7

0.6

0.5

0.4

0.3

0.7

0.6

0.5

0.4

0.3

0.2

0.2

0.1

0.1

0

Fig. 11.

0.8

Averaged Absolute Relative Error

Averaged Absolute Relative Error

0.8

0

10

20

30

40
50
frame nr.

60

70

80

90

0

0

10

20

30

40
50
frame nr.

The mean relative error of six algorithms on foreground pixels.

E. Performance for different surface pixel types
The previous section provided an insight how well our various algorithms compare to each other and what computational
cost they incur. In this section we investigate the performance
figures for separate pixel classes. We have also included the

results of other, publicly available algorithms in this analysis.
The relative mean error for all surface pixels in Table I
shows that the SADM W 5 LR has the lowest overall error rate,
followed by S&S DP as second best. However, this is not the
case for all individual surface pixel classes.
For the background and road pixel classes it can be seen that
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TABLE II
M EAN RUNTIME FOR THE TESTED ALGORITHMS . T HE ALGORITHMS ARE
ORDERED BY RUNTIME .

Algorithm
SADL
SADRec
SADLR
SADM W 5 L
SADM W 5 Rec
SADM W 5 LR
SADDP
B&T DP
S&S SSD
S&S DP
S&S SO

Image dimensions: (width, height, disparity)
(512,512,48)
(256,256,24)
Runtime
Fps
Runtime
Fps
0.0879 s
11.3827
0.0189 s
52.9393
0.0976 s
10.2432
0.0202 s
49.5065
0.1096 s
9.1240
0.0234 s
42.7709
0.1665 s
6.0061
0.0322 s
31.0802
0.1698 s
5.8905
0.0342 s
29.2219
0.1775 s
5.6350
0.0358 s
27.9397
0.2456 s
4.0721
0.0466 s
21.4573
0.4594 s
2.1768
0.0742 s
13.4711
5.3012 s
0.1886
0.7123 s
1.4039
6.5724 s
0.1522
0.8645 s
1.1567
10.5968 s
0.0944
1.0484 s
0.9538

approaches based on dynamic programming such as SADDP
and S&S DP perform better than many of the WTA based
algorithms. This is due to the fact that the road and background
classes do not contain many disparity discontinuities, their
disparity profiles adhere to the smoothness constraint. Because
disparity discontinuities do occur at the edges of the foreground objects, the DP based approaches have more problems
with these type of pixels. The WTA based algorithms that use
the left-right check to remove errors are more successful on
foreground pixels.
Regarding the processing time of various algorithms, Table
II reveals the benefit of the pursued SIMD SSE2 implementation. Our optimized algorithms are much faster than the SIMD
non-optimized algorithms S&S DP, S&S SO, S&S SSD and
B&T DP. The B&T DP is much faster than the S&S DP
algorithm, because although both use dynamic programming,
it is based on a pixel-based sampling invariant similarity
measure, rather than the window-based measure used by S&S
DP.
F. Analysis of performance variations
Until now, we have only considered averaged results for a
part of the sequence. However, the performance of the tested
algorithms clearly varies from frame to frame. This can seen
in plots of the estimation density percentage and relative mean
error per stereo image pair.
In Fig. 10 two plots are shown of estimation density
percentages (D%) on foreground pixels for frame 0 until 90.
The plot on left side shows the results of the W T AM W 5 REC ,
W T AM W 5 LR and W T ADP algorithms from our framework
while the plot of the right side shows the results of S&S SO,
S&S DP and B&T DP. Fig. 11 shows two plots for the same
interval. This time, the relative mean error (Erel ) is shown for
the six algorithms.
During this part of the sequence, a foreground object (a car)
passes a road crossing. The vehicle drives into in the camera
field of view from a side street. It is completely visible in
frame 25. After frame 48 it starts to leave the cameras field
of view. It is completely out of the field of view after frame
90.
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If the different density percentage plots are compared it is
clear that the algorithms from our frame work show a gradual
decrease. This is due to the fact that the surface of the car
contains little texture. In the beginning, when the car is far
away, features such as edges, provide enough distinct points
for the stereo matching. When the car is nearby more pixels
in textureless areas are visible. This causes the decrease in
estimation density.
Because W T ADP , S&S SO, S&S DP and B&T DP use
search optimization techniques they are less effected by
textureless regions. The plot of the latter three algorithms
does show lower densities percentages after frame 48, which
due to ‘streaking errors’. Because the disparity jump from
background to foreground disparity is not visible anymore after
frame 48, the dynamic programming technique wrongfully
assigns zero disparities to some of the foreground pixels.
The effects of streaking errors by algorithms with search
optimization is more evident in the plots of Fig. 11 where the
relative mean error is shown. The algorithms W T AM W 5 REC ,
W T AM W 5 LR that do not use search optimization techniques
show a fairly consistent error of about 0.2, while the other
algorithms, that do use DP or SO show a sharp increase in
error after frame 48.
G. Ground plane estimation experiment
In the previous sections we have studied the quantitative
results of the different disparity estimators. We learned that
the algorithms which use global search techniques are more
effected by the scene complexity. In this section we will show
some of the consequences for a typical application of stereo
vision in intelligent vehicles: ground plane estimation.
Ground plane estimation is required to distinguish obstacles
such as other cars and pedestrians in the disparity image from
the road surface. A robust and real-time method for doing this
was developed by Labayrade et al. [18].
It is based on the assumption that for scanlines where the
road surface is visible, the dominant disparity value is that
of road surface pixels. Their method first converts the normal
disparity image to a ‘V-disparity’ image. Each scanline of such
an image is the histogram of disparity values of a scanline from
the original disparity image. The road surface profile can be
extracted from the ‘V-disparity’ image by finding dominant
line features. The original method of Labayrade et al. [18] uses
the Hough transform to find line features and approximates the
road vertical curvature with a piecewise linear curve.
For our experiment, we use a simplified version of the
Labayrade et al. [18] approach. To test an estimated disparity
image it is first converted to a V-disparity image. Because
the road surface of the synthetic images is flat, only a single
dominant line feature is searched with the Hough transform.
This line is then compared to the line found by the same
method in the ground truth disparity image. The difference
in angle between the two lines shows how ground plane
estimation is affected by the quality of the disparity image.
In Fig. 12 the differences in ground plane angle is shown for
all images from test sequence. Each column shows the errors
colour coded in degrees for one of the tested algorithms.
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These results show that error made by algorithms, which use
optimization steps, affect the ground plane estimation more
than the more simpler approaches. The SADDP , S&S DP,
S&S SO and B&T DP show severe errors in ground plane
angle estimation in some the frames. Both the SADM W 5 L
and S&S SSD also show severe errors because they do not use
rejection steps. It is also interesting to see that the multiple
window approach, when compared to the single window
approach, actually increases the error slightly for some parts of
the sequence. This is due to the fact that V-disparity assumes
that a majority of disparities belong to the road surface. It
can therefore become biased in situations where this is not
true. The multiple window approach gives more estimates
for the textureless surface of the passing car than the single
window approach. Surprisingly, this influences the ground
plane estimation when the car is nearby and fills a large part
of the image.
V. C ONCLUSION
Application of dense stereo vision in intelligent vehicles
requires accurate and robust disparity estimation algorithms
that can run in real-time on small and power efficient computing hardware. Dense stereo vision algorithms which are
based on Single Instruction Multiple Data processing are
interesting because this type of instruction level parallelism is
currently available on various normal, low power embedded
and dedicated computing systems.
We implemented several real-time algorithms to investigate
how well different approaches to dense stereo vision can
benefit from SIMD optimization and compare them on an
equal basis. They are all based on a single framework that
provides components for performing SAD cost computation,
multiple window selection, disparity search based on WTA or
dynamic programming and post-processing for occlusion or
error rejection. We came up with fast SIMD optimized versions for most of these components using the SSE2 instruction
set.
In order to test the algorithms under the varying conditions,
that can be encountered in city-like traffic, we used stereo
images from a vehicle sensor simulator. In contrast to the
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commonly used single pair test images, our sequence contains hundreds of images with varying geometric and image
properties. Effects that degrade image quality in real stereo
cameras, such as vignetting, sensor noise and imperfect image
undistortion and rectification were also added to enhance
realism.
The first set of tests show that the post-processing steps
can help reduce error percentages at the cost of a sparser disparity map. More advanced algorithms with multiple window
technique or dynamic programming improve the disparity estimates on difficult image areas, albeit at higher computational
cost. Nevertheless, the slowest of our algorithms still achieves
real-time processing speeds.
We also studied the performance of our algorithms together
with a set of four other publicly available stereo algorithms
for different types of foreground disparity pixel classes. The
results confirm that non-greedy matching algorithms (i.e.
scan line optimization, dynamic programming) perform better
on surfaces with low geometrical complexity such as the
road surface. However, the more simpler WTA techniques
combined with error detection techniques can outperform
these algorithms on more challenging surfaces such as nearby
obstacles. This is caused by the fact that search optimization
algorithms can miss important disparity jumps at the edges of
nearby objects and therefore assume the wrong disparities in
later search or optimization stages.
The consequences of these type of errors are demonstrated
with an road surface inclination estimation experiment. The
results show that ground plane estimation based on disparity
estimates of the algorithms which do use optimization techniques are less reliable.
Our research has shown that simple WTA techniques for
dense stereo, combined with robust error rejection schemes
such as the left-right check, are more suitable for intelligent vehicle applications. Because they do not use search optimization
techniques their processing speed is higher. Our investigation
has also revealed that the basic search optimization techniques
such as dynamic programming can cause errors which interfere
with subsequent steps needed for intelligent vehicle related
sensing tasks.
The results suggest that future improvement of dense stereo
algorithms can be achieved by applying search optimization
techniques only to the parts of the stereo images that can
benefit from them, as discussed above. Preprocessing steps
to detect textureless and edgeless regions could be exploited
to detect which pixels are suitable.
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