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Abstract. This paper describes a stereo vision system that enables real-time dense depth measurements

on a personal computer. The system relies on a very efficient stereo matching engine that, unlike

many other approaches which use two distinct matching phases in order to detect unreliable matches,

uses a single matching phase. Our matching engine allows for rejecting most unreliable matches by

exploiting violations of the uniqueness constraint as well as analysing behaviour of correlation scores.

Real-time capability has been achieved by deploying very efficient incremental calculation schemes aimed

at avoiding redundant calculations and parallelising the computationally expensive portion of the code

with Single Instruction Multiple Data (SIMD) parallel instructions, available nowadays on almost any

state-of-the-art general purpose microprocessors. Experimental results on real stereo sequences and

preliminary results concerning a 3D people tracking/counting application show the effectiveness of the

proposed PC-based stereo vision system for real-time applications.
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1. Introduction

Several applications, such as intelligent surveillance, people/objects tracking, autonomous
vehicles, safety, haptic devices, robot control, can take advantage of real-time depth mea-
surements. However, in the past decade real-time dense depth measurements could be
achieved only by expensive, power consuming and large dedicated machines that were
unsuited for most applications. Advances in general purpose microprocessor technology,
such as higher clock frequencies, pipelined architectures, high speed buses and the avail-
ability of Single Instruction Multiple Data (SIMD) parallel capabilities, as well as the
advent of cheap, high quality imaging sensors, allow nowadays for obtaining real-time
depth measurements on standard general purpose machines.

Real-time dense depth measurements are currently feasible only with local algorithms
(e.g. [2, 5, 11, 30]) which assign disparity values at each pixel on the basis of the photo-
metric properties of the neighbouring pixels. These algorithms use a local support area,
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198 A PC-based Real-Time Stereo Vision System

referred to as correlation window, and exhibit regular computational structures that
allow for deploying efficient incremental calculation schemes as well as SIMD parallel
capabilities available in state-of-the-art general purpose microprocessors, such a those
by Intel [8,24,25], AMD [18], Sun [9], Hewlett-Packard [7], Motorola [20] and those based
on the ARM architecture [39].

Bidirectional matching (BM) [1] is a widely adopted method [2, 11, 30] for detect-
ing unreliable matches in local algorithms. Althought it has proven to be effective in
discarding several wrong matches necessarily yielded by local algorithms in presence of
occlusions [11, 21, 30], bidirectional matching is characterised by a significant computa-
tional cost due to the presence of two distinct matching phases.

It is worth observing that global algorithms (e.g. [28]), which assign disparity values
minimising a global cost function, provide more accurate dense depth measurements
compared to local algorithms. Nevertheless, global algorithms have much higher com-
putational costs that render this class of algorithms unsuited to real-time applications.

This paper describes a stereo vision system that enables real-time stereo applications
on a standard personal computer (PC) by exploiting efficient calculation schemes and
deploying the SIMD parallel capabilities available in general purpose microprocessors.
The system relies on a local algorithm that detects unreliable matches using a single
matching phase (SMP).

The paper is organized as follows. In Section 2 we review real-time stereo vision
systems based on dedicated hardware as well as systems running on standard PCs. In
Section 3 we describe the main blocks of the overall stereo system, while in Section 4 we
describe the single matching phase stereo algorithm. The computational optimisation
aimed at avoiding redundant calculations are reviewed in Section 5, the detailed descrip-
tion of the mapping of the optimised algorithm on a general purpose processor with
SIMD extension is described in Section 6, and details concerning the implementation of
the match reliability tests are described in Section 7.

Finally, Section 8 provides experimental results obtained by the SMP algorithm on
real stereo sequences acquired in our laboratory. We also provide preliminary results of
a 3D people counting application based on the proposed stereo vision system.

2. Previous work

This section provides an overview of the most relevant real-time stereo vision systems
based on local algorithms proposed in the last decade. We analyse systems based on
dedicated hardware as well as systems based on standard PCs.

The DSP based stereo system developed at INRIA by Faugeras et al. [2] uses a trinoc-
ular imaging system and the normalized cross correlation (NCC) as matching measure.
Match validation is carried out by bidirectional matching and analyzing the peaks of the
correlation function. Kanade et al. [5] developed a DSP based polynolcular system (up
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to 6 cameras) capable of providing video-rate depth maps with 200× 200 pixels images.
The similarity measure was the Sum of Squared Differences (SSD), and a global value
(SSSD) was computed adding the contributions given by the different matches between
the various views. Interval Research [13] developed a FPGA-based board which fits into
a standard PCI board. The system executes 42 disparity measurements per second, using
as input a stereo pair from two cameras at 320× 240 pixels of resolution. The matching
core is based on the census transform [13]. Recently, Tyzx [45] proposed a compact
system based on a similar algorithm and composed of a digital stereo camera and a
FPGA-based board which fits into a standard PCI board. Tyzx stereo system delivers
a maximum frame rate of 200 fps with 512 × 512 stereo pairs. Another FPGA-based
stereo system which relies on the census transform was developed by Corke et al. [16].
It delivers 30 fps with 256 × 256 stereo pairs. Sarnoff Corporation developed a video
processing chip [26] capable of performing video rate stereo matching with two images
of 320 × 240 pixels. The stereo module uses the Sum of Absolute Differences (SAD) as
similarity measure and can deploy the left-right consistency check at the cost of dou-
bling the computational load. The SAZAN [17] machine consists of two PCI processing
boards and a polynocular imaging system composed of nine cameras with a resolution
of 320 × 240 pixels. The SAZAN stereo vision system combines multiple SAD mea-
sures (SSAD), provides sub pixel accuracy delivering 20 frames per second with image
size of 200 × 200 and a disparity range of 25 pixels. Darabiha et al. [37] developed an
FPGA-based real-time stereo vision system capable of delivering 30 fps with 256 × 360
stereo pairs using a multi-resolution, multi-orientation phase based algorithm [4]. The
MSVM-II vision machine developed by Jia et al. [36] is a very compact (10 × 10 cm),
stand alone multi baseline (up to 8 cameras in line configuration) stereo system. The
system pre-processes images, correcting lens distortion and performing LoG filtering,
finds corresponding points using the SSAD and provides sub-pixel depth measurements.
It is based on a 80 MHz FPGA and delivers up to 30 fps when processing 640 × 480
images and up to 50 fps processing 320× 240 images with a disparity range of 64 pixels.
Subsequently, the same authors proposed MSVM-III [38] — a trinocular stereo vision
system in a triangular configuration. MSVM-III is based on a 60 MHz FPGA, and with
a disparity search range of 64 pixels delivers 30 fps and up to 120 fps, respectively, with
640×480 and 320×240 stereo pairs. The system developed at SRI [11] provides real-time
stereo matching on standard personal computers as well as on a DSP board. The SRI
system uses two images, which are preprocessed via the LoG filter and matched using
the SAD measure. Point Grey Research [43] developed a polynocular (up to three cam-
eras) stereo algorithm based on the SAD measure. Both systems rely on two matching
phases (i.e. bidirectional matching) and run on a personal computer. The omnidirec-
tional imaging system developed by Tanahashi et al. [27] uses 60 cameras and the Point
Grey Research algorithm for obtaining real-time, ominidirectional depth measurements.
The system proposed by Gluckman et. al [15] uses two cameras and two parabolic mir-
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rors for generating real time ominidirectional depth measurements. The stereo matching
algorithm relies on the SAD measure, and with 600 × 60 stereo pairs and a disparity
range of 32 pixels delivers 7 fps on a 300 MHz Pentium II processor exploiting SIMD
capabilities. Other recently proposed PC-based real-time stereo vision systems based on
the SAD measure, bidirectional matching and SIMD capabilities are [30, 32, 33]. In [33]
an efficient method aimed at reducing the border-localization problem is also proposed.
Finally, it is worth pointing out that the OpenCV library [46] includes a real-time imple-
mentation of the Birchfield and Tomasi [19] algorithm based on dynamic programming.
Interested readers may find in [48] a comparative study of some PC-based real-time
dense stereo vision algorithms.

3. The overall system

In this section we describe the main blocks, summarized in Figure 1, of the overall real-
time stereo vision system proposed in this paper. The system acquires a stereo pair using
two synchronized cameras; we use a monochrome digital Mega-D Stereo Head manufac-
tured by Videre Design [44], which allows for acquiring, via the IEEE 1394 interface
(also referred to as firewire or i-link), up to 1280 × 960 stereo pairs. Nevertheless, an
equivalent stereo imaging system may be build with two relatively inexpensive digital
cameras provided with an external trigger capability and connected to the PC through
a high speed digital interface, such as IEEE 1394 or USB 2.0. The stereo matching algo-
rithm assumes stereo pairs in standard form, that is, corresponding to epipolar lines lying
on corresponding image scanlines, in order to reduce the search domain of homologous
points (i.e., pixels in the two images belonging to the same point of the scene). Since the
stereo pair acquired by the stereo cameras suffers from radial distorsion as well as from
imperfect spatial alignment of the two cameras, a transformation known as rectification
(see [14, 23] for details) must be applied in order to obtain a pair of images in standard
form from the original ones. This transformation can be carried out in real-time if the
intrinsic and extrinsic parameters [14] of the stereo imaging system are known. A pro-
cedure known as calibration [14], using some stereo pairs of known patterns, allows for
estimating the parameters of the stereo imaging system. In this work calibration was
carried out offline using the Matlab Camera Calibration Toolbox [40]. The data set used
for calibrating the Mega-D Stereo Head as well as the intrinsic and extrinsic parameters
estimated by the Matlab Camera Calibration Toolbox are available at [41].

The stereo pairs in standard form resulting from the rectification step are processed
by the matching algorithm, which consists of the four major steps depicted in Figure 1
within the dashed box. In the pre-processing step the rectified images are normalized by
subtraction of the mean values of the intensities computed in a small window centered at
each pixel. This step allows for compensating for different settings of the cameras and-or
different photometric conditions. Moreover, since matching turns out to be unreliable in
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poorly textured areas, the variance of the intensities is calculated at each pixel based on
a window of the same size as that used to obtain the mean values. This cue is used to
detect regions with lack of texture [2]. The normalized images are matched according to
the matching algorithm described in the next section, using the SAD error function. The
reliability of the matches provided by the basic matching engine is improved by means
of two tests, referred to as distinctiveness and sharpness, described in the remainder.
In addition, the match reliability tests step uses the variance map computed in the
pre-processing step to reject the matches found in poorly textured areas. The final sub-
pixel measurement step performs sub-pixel refinement of disparities (up to 1/16) using a
second degree interpolation function between the two scores closest to the the minimum.
This step is carried out using integer operations only.

Pre-Processing

Disparity
Map

Left
Image

Right
Image

Matching
Engine

Match
Reliability

Tests

Sub-pixel
Measurement

Calibration
(Offline)

Rectification

Triangulation3D
Data

Fig. 1. Description of the overall stereo vision system.

Finally, after the sub-pixel measurement step, the disparity map generated by the
stereo matching algorithm and the intrinsic and extrinsic parameters obtained with the
offline calibration procedure enable for obtaining the 3D positions of homologous points
by means of a procedure known as triangulation (see [14] for details). Triangulation is
carried out by a routine written in C that assigns the (X,Y,Z) coordinates with respect
to a defined reference coordinate system to each point (x,y) of the disparity map marked
as valid.
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4. The SMP matching engine

In local algorithms, given a point in the reference image, the homologous point is selected
by searching along the corresponding scanline, of size W, in the other image, and within
a certain disparity range, for the point that minimizes (maximizes) an error (similarity)
function encoding the degree of dissimilarity (similarity) between two small regions of the
stereo pair. In our algorithm, referred to as SMP, we use the SAD error function, which
has proven to be a trade-off between reliability and computational cost. Nevertheless,
other error functions (e.g., SSD), similarity functions (e.g., NCC) or non parametric
functions (e.g. Census) could be used as well. Unlike algorithms based on bidirectional
matching, which rely on a direct (i.e., left-to-right) and a reverse (i.e. right-to-left)
matching phase, our algorithm uses only a direct matching phase. Our approach relies
on the uniqueness constraint, which states that a 3D point can be projected at most to
one point of each image of the stereo pair, as well as on the ability of modifying disparity
measurements dynamically as long as the matching process proceeds.

Assume the left image as a reference one, and assume further that the disparity, d,
belongs to the interval [0..dmax] and that the left image is scanned from top to bottom
and from left to right during the matching process. Starting from one point of left image,
say L(x−dmax, y), SMP searches within the interval [R(x−dmax, y)..R(x, y)] for the best
match candidate, evaluating the score of the SAD function for x ∈ [dmax..(W − dmax)].
Then, for the successive point of reference image L(x + 1 − dmax, y), the procedure is
repeated to search for the best match within [R(x+1−dmax, y)..R(x+1, y)]. This process
is iterated for the successive points along the scanline. Suppose now that the best match
found for L(x+β−dmax, y) is R(x, y), with the score SAD(x+β−dmax, x, y). The match
established between L(x+β−dmax, y) and R(x, y) is referred to as L(x+β−dmax, y)�
R(x, y). It is well known that the photometric properties encoded by the SAD function
as the main cue for establishing matches may be ambiguous (i.e. due to photometric
distortions, occlusions and noise). Neverthelees, wrong matches expose inconsistencies
within the set of already established matches that can be deployed to detect and discard
them. Thus, suppose that another point of the left image, say L(x + α − dmax, y), with
α ≤ β, has been previously matched to R(x, y) with score SAD(x + α − dmax, x, y).
This situation violates the uniqueness constraint, and with SMP allows for detecting
wrong matches. In fact, based on the uniqueness constraint we assume that at least one
of the two matches, i.e., either L(x + β − dmax, y) � R(x, y) or L(x + α − dmax, y) �
R(x, y), is wrong, and retain the match having the better score. Thus, if the currently
analyzed point L(x + β − dmax, y) has a better score than L(x + α − dmax, y) (i.e.,
SAD(x+β−dmax, x, y) ≤ SAD(x+α−dmax, x, y)), SMP will reject the previous match
and accept the new one. This implies that the SMP algorithm allows for recovering from
possible previous matching errors in a single matching phase.

The reliability of the disparity measurements provided by the basic matching core can
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be improved by incorporating additional constraints. Since the SMP algorithm is aimed
at real-time applications, we introduce new constraints by analysing the behaviour of
the SAD function. This allows us to assess the reliability of the matches at a very small
computational cost by exploiting the data already computed by the matching core, as
well as the SIMD-processing capabilities provided by general purpose processors. In the
SMP algorithm, the global minimum of the SAD error function is located very quickly
using a parallel technique, described in Section 6, that with a few SIMD instructions
yields the score (SADmin) and the position within the disparity range (dmin) of the
global minimum, as well as the scores (SAD1, SAD2, SAD3) and positions (d1, d2, d3) of
three candidate minima, referred to as pseudo-minima. These exhibit small error scores
but are not guaranteed to correspond to local minima. To discard ambiguous matches, we
analyse the behaviour of the SAD function by means of two tests, called distinctiveness
test and sharpness test, which are carried out using only the global minimum and three
pseudo-minima. When the three pseudo-minima fall far from the position of the global
minimum, the match is potentially ambiguous (for example, this occurs in presence of
repetitive patterns), unless the error score of the global minimum is much smaller than
those of the pseudo-minima. On the other hand, when the pseudo-minima are close to
the position of the global minimum, the match can be considered reliable even though
the score of the global minimum turns out to be not much smaller than those of the
pseudo-minima.

The following relationship, referred to as sharpness test, evaluates the degree of ag-
gregation of the pseudo-minima in proximity of the global minimum:

Δd =
3∑

i=1

|di − dmin| (1)

A low Δd value (the lowest value is 4) indicates that the pseudo-minima are localized
in proximity of the global minimum, and thus the match is accepted as reliable. Con-
versely, a high Δd value means that the pseudo-minima are spread within the disparity
range, and hence the match is potentially ambiguous. In order to evaluate the reliability
of the matches that do not satisfy the sharpness test, we perform an additional test, re-
ferred to as the distinctiveness test, aimed at evaluating whether the score of the global
minimum is much smaller than those of the pseudo-minima. The following relation

ΔSAD =
3∑

i=1

(SADi − SADmin) (2)

embodies information about the distinctiveness of the global minimum with respect
to the three pseudo-minima. Actually, we consider the ratio ΔSAD

SADmin
to evaluate the

distinctiveness of the global minimum, with high ratios indicating distinctive global
minima.
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Other papers [2,6,33] rely on a similar analysis of the matching function to detect and
discard unreliable matches. Yet, the novelty of our proposal consists in the deployment
of the pseudo-minima, i.e., in carrying out a parallel, SIMD-based analysis.

5. Efficient incremental computation techniques

The calculation of SAD scores is the most expensive task carried out by the stereo
algorithm and several incremental calculation schemes aimed at avoiding redundant cal-
culations have been proposed. In this section, in order to describe the mapping of the
stereo algorithm on a SIMD architecture, we review a very efficient technique described
in [29] which relies on a triple incremental calculation scheme.

Let SAD(x, y, d) be the SAD score between a window of size (2n + 1) × (2n + 1)
centered at coordinates (x, y) in the left image and the corresponding window centered
at (x + d, y) in the right image:

SAD(x, y, d) =
n∑

i,j=−n

∣∣L(x + j, y + i) − R(x + d + j, y + i)
∣∣ (3)

One can notice that SAD(x, y + 1, d) can be obtained from SAD(x, y, d) as follows

SAD(x, y + 1, d) = SAD(x, y, d) + Ω(x, y + 1, d) (4)

with

Ω(x, y + 1, d) =
n∑

j=−n

∣∣L(x + j, y + n + 1) − R(x + d + j, y + n + 1)
∣∣

−
n∑

j=−n

∣∣L(x + j, y − n) − R(x + d + j, y − n)
∣∣

(5)

representing the difference between the SADs associated with the lowermost and up-
permost rows of the matching window. Moreover, Ω(x, y + 1, d) can be obtained from
Ω(x − 1, y + 1, d) by simply considering

Ω(x, y + 1, d) =Ω(x − 1, y + 1, d)

+
∣∣L(x + n, y + n + 1) − R(x + d + n, y + n + 1)

∣∣

− ∣∣L(x + n, y − n) − R(x + d + n, y − n)
∣∣

− ∣∣L(x − n − 1, y + n + 1) − R(x + d − n − 1, y + n + 1)
∣∣

+
∣∣L(x − n − 1, y − n) − R(x + d − n − 1, y − n)

∣∣

(6)
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This scheme allows for rendering the number of operations independent of the size of the
matching window, since only four elementary operation are needed to obtain the SAD
score at each new point.
The pre-processing step requires computation of the mean and variance of the two images.
If we consider the left image, and putting N = 2n + 1, the mean is given by

μ(x, y) =
1

N2

n∑

i,j=−n

L(x + j, y + i) =
1

N2
S1(x, y) (7)

while the variance can be expressed [10] as

σ2(x, y) =
1

N2

n∑

i,j=−n

L2(x + j, y + i) − μ2(x, y) =
1

N2
S2(x, y) − μ2(x, y) (8)

It can be easily verified that the computation of mean and variance can be carried
out using the following schemes:

S1(x, y + 1) = S1(x, y) + ΩS1(x, y + 1) (9)

ΩS1(x, y + 1) =
n∑

j=−n

(
L(x + j, y + n + 1) − L(x + j, y − n)

)
(10)

ΩS1(x, y + 1) =ΩS1(x − 1, y + 1) + L(x + n, y + n + 1) − L(x + n, y − n)
− L(x − n − 1, y + n + 1) + L(x − n − 1, y − n)

(11)

S2(x, y + 1) = S2(x, y) + ΩS2(x, y + 1) (12)

ΩS2(x, y + 1) =
n∑

j=−n

(
L2(x + j, y + n + 1) − L2(x + j, y − n)

)
(13)

ΩS2(x, y + 1) =ΩS2(x − 1, y + 1) + L2(x + n, y + n + 1) − L2(x + n, y − n)

− L2(x − n − 1, y + n + 1) + L2(x − n − 1, y − n)
(14)
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In both the matching and pre-processing step it is possible to introduce a third level
of incremental computation aimed at achieving additional speed-up. In fact, formulas
(6), (11) and (14) show that the pixels at the corners of the correlation window contribute
to two terms, say A and B, where A includes the two pixels at the left corners and B
those at the right corners.

Because term B plays the role of term A when the correlation window is shifted
horizontally by 2n+1 units, with a very small memory cost we can store the most recent
2n+ 1 B terms so that they can be re-used 2n +1 units later in place of the A terms. If
we denote the array of the B terms by T , each element can be referenced with the index
x̃ = x mod (2n + 1), and thus all elements are visited each time the correlation window
is shifted horizontally by 2n + 1 units. When shifting the window by one unit, a new B
term is calculated while the needed A term is fetched from T (x̃). After both terms have
been used, T (x̃) is updated with the newly calculated B term.

To introduce this third level of incremental computation into the pre-processing step,
formula (11) is rewritten as follows:

ΩS1(x, y + 1) =ΩS1(x − 1, y + 1) +
(
L(x + n, y + n + 1) − L(x + n, y − n)

) − T1(x̃)
(15)

where

T1(x̃) = L(x − n − 1, y + n + 1) − L(x − n − 1, y − n) (16)

with x̃ = x mod (2n + 1).
Similarly, formula (14) becomes:

ΩS2(x, y + 1) =ΩS2(x − 1, y + 1) +
(
L2(x + n, y + n + 1) − L2(x + n, y − n)

) − T2(x̃)
(17)

where

T2(x̃) =
(
L2(x − n − 1, y + n + 1) − L2(x − n − 1, y − n)

)
(18)

with x̃ = x mod (2n + 1).
Finally, in the matching step the third level of incremental computation is applied

for each disparity value d ∈ [0, dmax]; thus, the array T grows by one dimension and
formula (6) is rewritten as follows:

Ω(x, y + 1, d) =Ω(x − 1, y + 1, d) − T (x̃, d) +
∣∣L(x + n, y + n + 1) − R(x + d + n, y + n + 1)

∣∣

− ∣∣L(x + n, y − n) − R(x + d + n, y − n)
∣∣

(19)
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where

T (x̃, d) =
∣∣L(x − n − 1, y + n + 1) − R(x + d − n − 1, y + n + 1)

∣∣

− ∣∣L(x − n − 1, y − n) − R(x + d − n − 1, y − n)
∣∣ (20)

with x̃ = x mod (2n + 1) and d ∈ [o, dmax].

6. Mapping to a processor with parallel SIMD instructions

Our stereo algorithm is designed to run on Intel Pentium processors providing at least the
MMX [8] multimedia instruction set. Moreover, since the current generation of Pentium
processors (Pentium III and Pentium 4) provide a better support for SIMD (Single In-
struction Multiple Data) programming with the SSE (Streaming SIMD Extensions) [25]
instruction set, we have also developed an optimised SSE mapping. Nevertheless, since
the different SIMD architectures are provided in most cases with similar capabilities, the
extension to other SIMD architectures is straightforward.

6.1. Pre-processing step

The preprocessing step takes as input the left and right frame buffers, calculates the
means and obtain the normalized frames used in the matching step. In addition, the
left frame variances are also evaluated. The pre-processing steps relies on the incremen-
tal calculation scheme described in Section 5 to dramatically decrease the number of
operations executed at each pixel. Figure 2 shows which steps are taken to preprocess
an input frame. The pixel (n, n) is processed first to compute its mean by running two
nested loops visiting all the pixels in the window centered at (n, n). With this step,
2n + 1 elements are stored in a DeltaMean vector, each of them containing the sum of
the pixels within the light gray vertical stripes. 2n + 1 elements are also stored in a
DeltaVariance vector for the sum of squared values of the same pixels.

The next step consists in moving to the remaining pixels of the first row and applying
horizontal recursion. For a given pixel (x, n), x > n , the computation of the mean needs
the sum of values of all pixels in the window centered at (x, n). Those values can be
obtained from the same sum computed for the previous pixel (x−1, n), with a correction
given by the two vertical strips shown in Figure 2 on the left and right sides of the window
centered at (x, n). The sum of values corresponding to the strip on the left is found in
the DeltaMean vector in position j = (x−n)mod(2n+1). For each pixel (x, n) one loop
only is then required, to compute the sum of values of the pixels in the right strip. An
identical process making use of the DeltaVariance vector is carried out to compute the
variance (sum of squared values) for the pixels (x, n), x > n in the left image.

A generic row in a frame is processed by making a strong use of SIMD instructions.
This is possible by first initializing some data structures while processing the first pixel
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Fig. 2. Pixels involved in the preprocessing step.

(n, y + 1) of the current row. The mean for the pixel (n, y + 1) is given by the sum
of values referred to the pixels in the window centered on (n, y) and the corrections
represented by the horizontal strips on the top and bottom of the window centered at
(n, y + 1). Variance calculation differs from the above simply because it is based on the
squared values of the same pixels.

When visiting both horizontal strips, the DeltaMean and DeltaVariance arrays are
initialized so that each element contains, respectively, the difference of values and the
difference of squared values between a pixel in the bottom strip and the corresponding
pixel in the top strip. This is done to support the third incremental computation de-
scribed in (15) and (17). SIMD programming brings optimal results when applied to
the final stage of the preprocessing step because it allows for parallel mean and variance
computations.

The first (vertical) incremental step consists in retrieving the sums of values and
sums of squared values corresponding to the pixels (x + i, y), i ∈ [0..7] located in the
previous row and correcting those quantities with the contributions Ωs1(x+ i, y +1) and
Ωs2(x + i, y + 1), i ∈ [0..7] in formulas (9) and (12).

The second (horizontal) incremental step computes the terms Ωs1(x + i, y + 1) and
Ωs2(x + i, y + 1), i ∈ [0..7], as a progressive correction of the same terms corresponding
to the previous pixel. Formulas (11) and (14) show that the corrections are given by
the pixels located at the corners of the window centered on the current pixel. With
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reference to one pixel out of the eight processed in parallel, Figure 2 shows that Ωs1 is
given by (γ − β)− (δ−α), while Ωs2 – by the term (γ2 −β2)− (δ2 −α2). The third and
final incremental step is aimed at computing and storing terms (γ − β) and (γ2 − β2) so
that they can be re-used as the terms (δ − α) and (δ2 − α2) when processing the pixels
(x + (2n + 1) + i, y + 1), i ∈ [0..7].

The described process is slightly complicated by the need to store the terms (γ − β)
in words and the terms (γ2−β2) in double words. Using words and double words rather
than bytes reduces the number of parallel operations from 8 to 4 and from 8 and 2,
respectively. The following MMX code shows how we compute the terms (γ − β). The
eight γ values are read from the bottom-right corner of the correlation window and cast
to words with the MMX instructions punpcklbw and punpckhbw, and the same is done
for the eight β values from the top-right corner. A pair of psubsw (packet subtract words
with saturation) MMX instructions are finally used to compute in parallel the four plus
four (γ − β) differences.

pxor mm7, mm7 ; mm7=0

; DnR: accessing 8 gamma values

movq mm6, [esi+ecx] ; mm6 = pixel 0-7 from corner DnR (BYTES)

movq mm5, mm6 ; mm5 = mm6 copy

punpcklbw mm6, mm7 ; mm6 = pixel 0-3 from corner DnR (WORDS)

punpckhbw mm5, mm7 ; mm5 = pixel 4-7 from corner DnR (WORDS)

; UpR: accessing 8 beta values

movq mm4, [esi] ; mm4 = pixel 0-7 from corner UpR (BYTES)

movq mm3, mm4 ; mm3 = mm4

punpcklbw mm4, mm7 ; mm4 = pixel 0-3 from corner UpR (WORDS)

punpckhbw mm3, mm7 ; mm3 = pixel 4-7 from corner UpR (WORDS)

; (gamma - beta) terms

psubsw mm6, mm4 ; mm6 = (0-3 DnR) - (0-3 UpR)

psubsw mm5, mm3 ; mm5 = (4-7 DnR) - (4-7 UpR)

6.2. Matching step

The matching step accepts as input the normalised frames computed in the preprocessing
step and generates the disparity map for the pair of original frames. The complexity of
the matching step is dr (with dr = dmax + 1) times higher than the complexity of the
preprocessing step. Thus, the code optimisation carried out within the matching step
have a strong impact on the overall execution time. The matching step is implemented
according to the incremental computation scheme described in Section 5. Figure 3 shows
which steps are taken to process the normalised left and right frames in order to establish
matches between pixels in the left frame and pixels in the right frame.
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Fig. 3. Pixels involved in the matching step.

The matching process consists in visiting each pixel (x, y) in the normalised left frame
to evaluate the dr terms SAD(x, y, d), d ∈ [0..dmax] indicating the error scores between
(x, y) and the dr pixels (x+d, y), d ∈ [0..dmax] located within the normalised right frame.
The best match found for the current pixel (x, y) is identified by the smallest score:

SAD MIN = SAD(x, y, disparity)
The first processed pixel is located in the left normalized frame at coordinates

(2n, 2n). For each disparity value, two nested loops visit all pixels within the corre-
lation window centered at (2n, 2n), computing one term: SAD(2n, 2n, d), as indicated
by formula (3). Each term is compared with the smaller of the previously computed
so that, after considering all dr disparity values, the best match for the pixel (2n, 2n)
is found. Similarly to the pre-processing step, the partial sums of absolute values as-
sociated with 2n + 1 vertical strips shown in Figure 3 must be stored to sustain the
incremental computation required for the remaining pixels of the first row. The main
difference between the two steps is that the matching step requires storing (2n + 1) · dr

terms instead of just 2n + 1.
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For a generic pixel (x, 2n) in the first row of the left normalised frame, the dr terms
SAD(x, 2n, d) are computed by adding to the previously stored terms SAD(x−1, 2n, d),
the corrections given by the difference between the sum of absolute values associated with
the vertical strip on the right of the correlation window and its analogue associated with
the vertical left strip. The most interesting portion of code in our stereo algorithm is the
matching process for a generic row, since it is heavily based on SIMD techniques. Fol-
lowing the same scheme adopted in the pre-processing step, the generic row is processed
after initializing some data structures when processing the first pixel of the generic row.
The dr terms SAD(2n, y + 1, d) with d ∈ [0..dmax] are computed as corrections of the
terms SAD(2n, y, d) with d ∈ [0..dmax] stored when processing the previous row, based
on the following relation:

SAD(2n, y + 1, d) = SAD(2n, y, d) +
2n+n∑

j=2n−n

T (j, d) d ∈ [0..dmax] (21)

where

T (j, d) =
∣∣L(j, y + n + 1) − R(j + d, y + n + 1)

∣∣ − ∣∣L(j, y − n) − R(j + d, y − n)
∣∣ (22)

Figure 4 shows the case of d = 6. The correction is given by summing up the
contribution of the 2n+1 terms T (j, 6), each of them being the difference of two absolute
values. The first absolute value refers to the pixel j in the bottom horizontal strip in the
left image and the pixel j + 6 in the corresponding strip in the right image. The second
absolute value refers to pixels in same positions but located in the top horizontal strips.

y+1

2n

norm(LEFT) norm(RIGHT)

2n 2n+6

Fig. 4. Matching for the first pixel of a generic row.

A generic row at coordinate y +1 is processed in the matching step with a main loop
iterating, one by one, each pixel of the row. In order to compute the first absolute value
appearing in formula (19), we load a multimedia register with eight copies of the same
left pixel L(x+n, y+n+1) and, in parallel, read the eight pixels R(x+d+n, y+n+1),
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with d ∈ [0..7], at the bottom of the correlation window. The following code relies on
arithmetic with saturation, and shows how the eight absolute values are computed.

; mm1 contains 8 copies of the

; DnR pixel in Left frame

movq mm2, [esi+ebx] ; Read 8 DnR pixels from Right frame

movq mm3, mm1 ; in mm3 8 copies of DnR pixel from Left

movq mm4, mm1 ; mm4 = 8 copies of DnR pixel from Left

; DnR absolute difference

psubusb mm3, mm2 ; Left(DnR)-Right(DnR), negative terms to 0

psubusb mm2, mm4 ; Right(DnR)-Left(DnR), negative terms to 0

por mm3, mm2 ; merge non zero terms (abs values) in mm3

The first psubusb (subtract unsigned packed bytes with saturation) instruction stores
in mm3 the positive differences between the eight copies of the pixel in the left image and
the eight pixels read from the right image, while the negative differences are converted
to zero due to arithmetic with saturation. The second psubusb instruction replaces the
factors of the packed difference by fact, saturating the previously positive terms and
storing as positive those previously saturated. The final por (packed or) instruction
merges in mm3 the positive results of the two computed differences, providing eight ab-
solute values. Formula (19) is computed for the current pixel a total of dr times, which
involves evaluating dr differences of absolute values and accessing dr terms T (x̃, d). Each
time the mentioned formula is computed, the difference of absolute values is also used to
replace the corresponding term T (x̃, d) by fact, completing the inner level of incremental
computation.

6.3. SIMD search for the best match

The dr terms SAD(x, y + 1, d) computed for the current pixel (x, y + 1) represent dr

error scores between the current pixel and (x + d, y + 1), with d ∈ [0..dmax] pixels in the
right image. The following MMX/SSE code shows how the algorithm searches for the
minimum SAD term within the dr available ones.

movq mm0, [edx+ecx*8] ; mm0: current 4 SAD min (WORDS)

movq mm1, HiDisparities ; mm1: current 4 indexes

; dmax,dmax-1,dmax-2,dmax-3

movq mm6, Mask04040404 ; mm6: mask to decrease indexes by 4

movq [edi], mm1 ; [edi] holds indexes 4 SAD min

loopMin:

movq mm2, [edx+ecx*8-8] ; mm2: next 4 SAD values (WORDS)
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psubw mm1, mm6 ; mm1: next 4 indexes

pminsw mm0, mm2 ; mm0: updates current 4 SAD min

pcmpeqw mm2, mm0 ; mask: FFFF=min changed, 0=no change

maskmovq mm1, mm2 ; update [edi] indexes where mm2=FFFF

loop loopMin ; jumps decreasing ecx by 1

movq mm1, [edi] ; mm1: disparities 4 SAD (pseudo)min

The search begins by initializing the mm0 register with the four terms SAD(x, y+1, d),
d ∈ [dmax−3..dmax] computed last and the mm1 register with the disparity values dmax−3,
dmax − 2, dmax − 1 and dmax of the SAD terms in mm0. The memory locations pointed
by the edi register are used to store the disparities of the smaller SAD terms currently
found. The loop begins loading mm2 register with the four SAD terms immediately
preceding the previously accessed SADs and mm1 register with the respective disparities.

The searching process is based on the SSE instruction pminsw (minimum of packed
signed words), which updates the current four minimum SAD terms in mm0 by considering
the values in mm2. The MMX instruction pcmpeqw (compare packed words for equality)
is then used to build a bit mask identifying which term in mm0 is changed. The mask is
used with the SSE instruction maskmovq (store selected bytes of quadword) to selectively
move in [edi] the disparities of the SADs terms recently moved in mm0 by the pminsw
instruction. At the end of the loop, mm0 contains four SAD terms, one of which is the
smallest of the dr available, while the other three the so-called pseudo minima. The
name pseudo minima comes from the consideration that the parallel search method does
not ensure that the three terms are the smallest SADs greater than the minimum. They
only have good chances for this because of the continuity of the error function. The
portion of code following the search method is used to isolate the term SAD MIN as the
smallest SAD out of the four terms in mm0 and retrieve the corresponding disparity.
At the same time, we carry out the sharpness (Eq. (1)) and distinctiveness (Eq. (2))
tests, using the smallest SAD and the three pseudo minima.

7. Constraints check

From the previous computation we have collected all the information needed to evaluate
the reliability of the best match identified by SAD MIN and disparity. The first reliability
test checks if the reference pixel in the left image is located in a low-textured region.
If the variance computed for that pixel at the preprocessing step is less than a given
threshold, the region is considered poorly textured and the match is discarded. In the
opposite case, we consider two possibilities: a) the match involves a pixel in the right
image never matched before, and b) the match involves a pixel in the right image already
matched in a previous iteration. Case a) the sharpness test, which requires evaluation
of Eq. (1), with dmin = disparity and checking if Δd is smaller than a given threshold
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(the lowest possible value for Δd is 4 while our threshold is commonly set to 7). If the
test is passed, all the pseudo-minima fall relatively close to each other and the match is
accepted because it is considered reliable. If the test fails, the distinctiveness test follows,
which requires calculation of Eq. (2) with SADmin = SAD MIN and checking if the ratio
ΔSAD

SADmin
is greater than a given threshold (our threshold is commonly between 1/8 for a

strong reliability and 1/32 for a weaker reliability). If the test succeeds, the 3 pseudo-
minima have SADs considerably higher than SAD MIN and the match is accepted while,
if the test fails, the match is discarded. Case b) ensures satisfaction of the uniqueness
constraint, testing if the SAD MIN value computed for the current match is greater than
the SAD MIN obtained in the previous match. If the test succeeds, the current match
is discarded, while if it fails, the previous match is discarded and the current match is
tested as described in case a).

8. Experimental results and applications

In this section we discuss the experimental results obtained by our stereo vision system
on a real stereo sequence, referred to as ”Count”, which was acquired in our laboratory
with a monochrome Mega-D Stereo Head from Videre Design [44]. The stereo camera
had a fixed baseline of about 9 cm and was equipped with a pair of 4.8 mm lenses.

As shown by the three rectified frames 0001, 0116 and 0189 of the ”Count” sequence
(leftmost images in Figures 5, 6, 7), the video captures three people moving around a
camera, placed at about 2.5 meters over the floor. The sequence presents several chal-
lenging situations, such as occlusions occurring between people and/or objects, uniform
regions (e.g., the desk and the furniture in the background, the wall in the foreground),
specular regions (e.g., portions of the floor in the middle of the scene) and repetitive
patterns generated by the tiles on the floor.

The rightmost images in Figures 5, 6, 7 show the disparity maps generated by the
SMP algorithm processing the three rectified stereo pairs. The parameters of the algo-
rithm were: disparity range of 32 pixels, threshold on variance intensity σ = 2 and a
correlation window of 15 × 15 pixels. Moreover, the disparity maps were interpolated
using the subpixel factor of 1/16. The disparity maps are encoded with grayscale val-
ues: brighter levels represent points closer to the camera while unmatched points are
represented in white.

The disparity maps in Figures 5, 6, 7 show that the rough 3D structure of the
scene has been correctly recovered (e.g., the people appearing in the scene and most of
the background). Nevertheless, the disparity maps contain some wrong measurements
(e.g., a portion of the wall behind the desk, some points in the floor). However, the
constraints embodied in the SMP algorithm and the variance intensity threshold σ = 2
used for detecting untextured regions allow for discarding several ambiguous regions,
such as portions of the wall, of the furniture and of the floor.
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Moreover, it is worth observing that the disparity maps shown in the figures are
affected by the border-localisation problem that causes inaccurate fitting of the object’s
border. Althought some authors (e.g [33,34]) proposed techniques aimed at reducing the
border-localisation problem, it is worth pointing out that the results provided by these
algorithms are still less accurate than those generated with slower global algorithms
(e.g. [28]).

The SMP algorithm turns out to be quite fast. In fact, on a Pentium III processor at
800 MHz with a disparity range of 64 pixels it delivers disparity maps at 25.94 fps with
stereo pairs of 320 × 240 pixels, and 1.86 fps with stereo pairs of 1024 × 768 pixels.

The PC based stereo vision system is currently used in a 3D people counting applica-
tion that is under development in our laboratory. The application is aimed at tracking
and counting people/objects in the field of view of the stereo camera in real-time using
a standard PC. The current approach uses a virtual plan-view [42] of the scene and re-
lies on the information provided by the SMP algorithm combined with the information
provided by a change detection algorithm [35].

Figures 8, 9 and 10 show the previous three frames of the ”Count” sequence and
the statistics concerned with people moving from region A to region B (red color) and
people moving from region B to region A (green color). In the first shot of the sequence,
shown in Figure 8, the green line on the floor shows the 3D position of the virtual gate
between the two regions.

It is worth observing that the system can handle difficult situations, like the severe
occlusion occurring between the two people at the center of the scene shown in Figure 10.
The entire sequence, as well as experimental results concerning other stereo sequences
acquired in our laboratory are available at [41].

Recently a comparative study of fast dense stereo vision algorithms has been proposed
[48]. The authors implemented algorithms based on BM and on the SMP approach: for
both algorithms, they also implemented the multiple window approach proposed in [33].
Other algorithms examined in the paper are the OpenCV [46] implementation of the
Birchfield and Tomasi algorithm [19], and three algorithms available at [47] and described
in [31]: winner takes all based on SSD (referred to SSD), dynamic programming (DP) and
scanline optimization (SO). The eight examined algorithms have been tested (see [48]
for details and the metric used) on synthetic data generated using a 3D-visualisation
module as well as on the same data set corrupted with white gaussian noise. Althought
it seems that the authors implemented only the basic SMP matching engine described
in section 4 (i.e., without the match reliability tests), the mean error of SMP is in the
worst case about 5% greater than those of BM. Moreover, on the noisy data set the mean
error of the basic SMP algorithm is smaller than those of DP, SO and SSD. Finally, it
is worth pointing out that the SMP approach has always turned out to be the fastest
algorithm among those examined, and that the speed-up increased with larger image
size and disparity range.
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Fig. 5. First frame of the ”Count” stereo sequence. (Left) Rectified left image. (Right) Disparity map
obtained by the SMP algorithm.

Fig. 6. Frame 0116 of the ”Count” stereo sequence. (Left) Rectified left image. (Right) Disparity map
obtained by the SMP algorithm.

Fig. 7. Frame 0189 of the ”Count” stereo sequence. (Left) Rectified left image. (Right) Disparity map
obtained by the SMP algorithm.
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Fig. 8. First frame of the ”Count” stereo sequence. (Left) Original left image: the green line on the
floor shows the 3D position of the virtual gate between regions A and B. (Right) plan-view map
and statistics about the crossings in the two directions.

Fig. 9. Frame 0116 of the ”Count” stereo sequence. (Left) Original left image. (Right) plan-view map
with the tracked people and statistics about the crossings in the two directions.

Fig. 10. Frame 0189 of the ”Count” stereo sequence. (Left) Original left image. (Right) plan-view map
with the tracked people and statistics about the crossings in the two directions.
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9. Conclusion

We have described a PC based stereo vision system suitable for real-time applications.
The system relies on an efficient local stereo matching algorithm based on a single match-
ing phase (SMP). The matching algorithm discards unreliable matches by detecting vio-
lations of the uniqueness constraint. Further reliability improvement is achieved, at a low
computational cost thanks to the use of parallel SIMD programming, by constraining the
behavior of the error scores. The SMP algorithm exploits efficient recursive calculation
schemes, which allows for avoiding redundant computations. A further speed up was
achieved by parallelising the most computationally expensive portion of the algorithm
on a parallel architecture. Thus, we have provided a detailed description of the parallel
mapping of SMP onto a mainstream general purpose processors with SIMD capabilities.
Experimental results on real stereo sequences as well as those obtained by the outlined
3D people counting application, show the effectiveness of the proposed real-time PC
based stereo vision system.
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