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Abstract

This paper presents a stereo algorithm that enables
real time dense disparity measurements on standard
personal computers. Unlike many other dense stereo
algorithms, which are based on two matching phases,
the proposed algorithm relies on a single matching
phase and allows for rejecting unreliable matches by
exploiting violations of the uniqueness constraint and
analysing the behaviour ofthe correlation scores. The
overall algorithm has been carefiully optimised using
very efficient calculation schemes and deploying mas-
sively the SIMD parallel processing capabilities avail-
able nowadays in state-of-the-art general purpose mi-
croprocessors. The paper describes the algorithm and
the optimisation strategies, and provides experimental
results obtained on stereo pairs with ground-truth as
well as execution times measurements.

1 Introduction

Dense depth measurements are required in many
applications such as robot navigation and control, ex-
ploration and modelling of unstructured environments,
virtual reality. According to a recent taxonomy [17],
stereo algorithms that generate dense depth measure-
ments can be divided into two classes, namely global
and local algorithms. The former algorithms rely on
iterative schemes and assign disparity values on the
basis of the minimisation of a global cost function.
These algorithms yield accurate and dense disparity
measurements [17] but are unsuited to real-time ap-
plications. The latter (local or area-based) algorithms
(e.g. [7, 8, 12, 14]) calculate the disparity at each pixel
on the basis of the photometric properties of the neigh-
bouring pixels. The left-right check [91 is a widely

adopted method [8, 14, 7] aimed at detecting unreli-
able matches in local algorithms. It consists of two
matching phases: first, for each point of the left image
the best match into the right image is found; then, the
role of the two images is reversed and for each point
of the right image the best match into the left image is
found. Finally, only those matches that turn out to be
coherent are accepted as valid.

Compared to global algorithms, local algorithms
yield significantly less accurate disparity maps but,
nowadays, thanks to both research and technology ad-
vances, can run fast enough to be deployed in many
real-time applications. Moreover, local algorithms ex-
hibits a quite regular computational structure which is
suited to deploy the SINM (Single Instruction Multiple
Data) parallel instructions available in state-of-the-art
general purpose microprocessors (such a those by In-
tel, Hewlett-Packard, Sun, AMD and Motorola).

This paper presents a fast local algorithm which
enables real-time dense stereo applications on a stan-
dard Personal Computer exploiting efficient calcula-
tion schemes and deploying the SIMD parallel capa-
bilities available in general purpose processors. The
algorithm is based on a matching core that detects un-
reliable matches during the direct matching phase and
therefore does not require a reverse matching phase.

2. Related work

Many works have dealt with dense stereo but only
recently real-time systems based on personal computer
Here we briefly review some important contributions
towards real-time stereo matching. We first review the
systems based on dedicated hardware and then those
running on a personal computer. Kanade et al. [12] de-
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veloped a system capable of reliable depth maps using
multiple cameras (up to 6) working at video-rate with
200 x 200 pixels images using a custom DSP machine.
The matching measure is the Sum of Squared Differ-
ences (SSD) and a global value (SSSD) is computed
adding the contributes given by the different matches
between the various views. The stereo system devel-
oped at INRIA by Faugeras et al. [8] uses an imaging
system with three cameras and the normalized cross
correlation (NCC) as matching measure. Match vali-
dation is carried out by the left-right consistency check
and analyzing the peaks of the correlation function.
The algorithm by Faugeras et al. [8] was implemented
on dedicated DSP machines. More recently, Inter-
val Research [19] developed a fast FPGA-based board
which fits into a standard PCI board. The system exe-
cutes 42 disparity measurements per seconds using as
input a stereo pair from two cameras at 320 x 240 pix-
els of resolution. The matching core is based on the
census transform [19]. Another FPGA based stereo
system which relies on the census transform was de-
veloped by Corke et al. [5]. It delivers 30 fps with
256 x 256 stereo pairs.

The system developed at SRI [14] provides real-
time stereo matching. It does disparity estimation us-
ing two images which are preprocessed via the LOG
filter and then matched on the basis of the Sum of Ab-
solute Differences (SAD) measure. Point Grey Re-
search [2] developed a stereo system made out of a
three CCD cameras and a stereo algorithm based on
the SAD measure. Both systems rely on two match-
ing phases (i.e. left-right check) and run on a personal
computer.

3 The matching algorithm

In this section we describe the proposed stereo
matching algorithm assuming binocular stereo pairs
and images in standard form (i.e. with correspond-
ing epipolar lines lying on corresponding image scan-
lines). Should the latter assumption not be verified,
a suitable transfornation, known as rectification (see
for example [10]), must be applied to obtain a pair of
images in standard form from the original ones.

In local algorithms, given a point in the reference
image the homologous point is selected by search-
ing along the corresponding scanline in the other im-

age, and within a certain disparity range, for the point
that minimize (maximize) an error (similarity) func-
tion, e, representing the degree of dissimilarity (sim-
ilarity) between two small regions of the stereo pair.
Unlike algorithms based on the left-right check, 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 in one point of each image
of the stereo pair, as well as on the ability of modify-
ing disparity measurements dynamically as long as the
matching process proceeds.
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Figure 1. Scores associated with point
R(x, y).

Let's assume that the left image is the reference,
that disparity, d, belongs to the interval [0... dax]
and that the left image is scanned from top to bot-
tom and from left to right during the matching pro-
cess. The algorithm, starting from one point of left
image, say L(x - dm,ax, y), searches for the best can-
didate by evaluating function E, within the interval
[R(x - dmax, y) .. . R(x, y)]. Then, for the successive
point of reference image L(x + 1 - d,Q,x, y) the pro-
cedure is repeated searching for the best match within
[R(x + 1 - dmax, y) ...R(x + 1, y)]. The process is
then iterated for the successive points along the scan-
line.

Suppose now that the best match found for L(x +
- dmax, y) is R(x, y), with similarity score e(x +

B- dmax XIy). We adopt the notation L(x + /3 -
dmax, y) i. R(x, y) to indicate that this match from
left to right has been established.

As it is common in area-based algorithms we use
photometric properties, encoded by the error (simi-
larity) function, as the main cue driving the match-
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ing process, even though this cue may be ambiguous,
due to many causes such as for example photomet-
ric distortions, occlusions and signal noise. However,
wrong matches expose inconsistencies within the set
of matches already established that can be deployed to
detect and discard them.

Thus, let's suppose that another point of the left
image, say L(x + a - dnazx,y), with a < /3, has
previously matched with R(x, y) with score c(x +
a - dmax,x, y). This situation, that violates the
uniqueness constraint, is used in our approach to de-
tect wrong matches. In fact, based on the unique-
ness constraint we assume that at least one of the two
matches, i.e. L(x + 8 - dmax,y) - R(x,y) or
L(x+a-dmax, y) - R(x, y), is wrong and retain the
match having the better score. Thus, if the point cur-
rently analyzed L(x + 3 - dmax, y) has a better score
than L(x-+ a-dmax,y) (i.e. &(x±+ 1-3dmax,X,y) <
e(x + a - dmax,X,y)) our algorithm will reject the
previous match and accept the new one. This implies
that, although the proposed approach relies on a di-
rect matching phase only, it allows for recovering from
possible previous matching errors.

The capability of our algorithm to recover from pre-
vious errors as long as better matches are found during
the search is shown in Figure 1, which plots as a func-
tion of d C [O ... dmax] all the scores between the point
R(x, y) of right image and the points in the reference
image [L(x - dmax, y) ... L(x, y)] that are allowed to
establish a correspondence with R(x, y).

The reliability of the disparity measurements pro-
vided by the basic matching core can be improved by
incorporating additional constraints. Since our algo-
rithm is aimed at real-time applications, we introduce
new constraints by analysing the behaviour of the error
(similarity) function. This allows us to assess the relia-
bility of the matches at a very small computational cost
by exploiting the data already computed by the match-
ing core as well as the SIMD-processing capabilities
provided by general purpose processors.

In our algorithm the global minimum of the SAD
(Sum of Absolute Differences) error function is lo-
cated very quickly using a parallel technique, de-
scribed in section 5, that with a few SIMD in-
structions (i.e. MMX 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 (dl, d2, d3) of
th-ree candidate minima, referred to as pseudo-minima.
These exhibit small error scores but are not guaranteed
to correspond to local minima. To discard ambigu-
ous matches we estimate [6] the behaviour of the error
function by means of two tests, called distinctiveness
test and sharpness test, that are carried out using only
the global minimum and the three pseudo-minima.
When the three pseudo-minima fall far from the po-

sition of the global minimum the match is potentially
ambiguous (for example, this happens 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 not much smaller than
those of the pseudo-minima.

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

3

Ad=ZIdi-dminl
i=l

(1)

A low Ad 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. Conversely an high Ad value means that the
pseudo-minima are spread within the disparity range
and hence the match is potentially ambiguous. In or-
der to evaluate the reliability of the matches that do
not satisfy the sharpness test we perform an additional
test, referred to as distinctiveness test, aimed at evalu-
ating whether the score of the global minimum is much
smaller than those of the pseudo-minima. The follow-
ing relation

3
ASAD = (SADi - SADmin )

i=l
(2)

embodies information about the distinctiveness of
the global minimum with respect to the three pseudo-
minima. Actually, we consider the ratio ASAD_ toSADmin
evaluate the distinctiveness of the global minimum,
with high ratios indicating distinctive global minima.

The overall stereo algorithm consists of the four ma-
jor steps shown in Figure 2).
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Figure 2. The overall stereo algorithm.

The input images are normalized by subtraction of
the mean values of the intensities computed in a small
window centered at each pixel [8]. This allows for
compensating for different settings of the cameras and-
or different photometric conditions. Moreover, since
matching turns out to be highly unreliable when deal-
ing with poorly textured areas, the variance of the in-
tensities is calculated at each pixel considering a win-
dow of the same size as that used to obtain the means.
This information is used to detect regions with lack
of texture [8]. The normalized images are matched ac-
cording to the matching approach described previously
and using the SAD error function. The reliability of
the matches provided by basic matching core is im-
proved by means of the distinctiveness and sharpness
tests. In addition, this step uses the variance map com-
puted in the pre-processing step to reject the matches
found in poorly textured areas. The final step performs
1I sub-pixel refinement of disparities.

4 Computational optimisation

In this section we first review a technique aimed
at reducing the number of redundant operations al-
ready described in- [7]. Successively, we show how
to achieve a further improvements of the technique by
introducing an additional level of incremental calcula-
tion.

The computation of SAD scores is the most expen-
sive task performed by the stereo algorithm. Suppose
SAD(x, y, d) is the SAD score between a window of
size (2n + 1) x (2n + 1) centered at coordinates (x, y)
in the left image and the corresponding window cen-
tered at (x + d, y) in the right image:

SAD(x, y, d) =

EIL(x + j, y + i)-R(x + d + j, y + i)(I)
i,j=-n

Figure 3. Recursive calculation of SAD
scores.

Observing Figure 3, it is easy to notice that
SAD(x, y + 1, d) can be attained from SAD(x, y, d):

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

with U(x, y + 1, d) representing the difference be-
tween the SADs associated with the lowermost and up-
permost rows of the matching window (shown in light-
gray in Figure 3):

U(x,y + 1,d) =
n

E IL(x+j,y+n+l)-R(x+d+j,y+n+1)1-
j=-n
n

E IL(x+ ji,y-n)-R(x + d +i,y-n)
j=-n

(5)

Furthermore, U(x, y + 1, d) can be computed from
U(x-1, y+1, d) by simply considering the contributes
associated with the four points shown in dark-gray in
Figure 3:

U(x, y + 1, d) = U(x- 1, y + 1, d)+
(jL(x +n,y+ n+1) -R(x+d+n,y+n+)n -

IL(x+ n, y-n) -R(x + d + n, y-n))-
(IL(x -n -l,y+n+ 1)-
R(x+ d-n- 1, y + n + 1)I-
IL(x - n- l,y - n) - R(x + d - n -l,y - n) )

(6)
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This allows for keeping complexity small and inde-

pendent from the size of the matching window, since Us, (x, y + 1) =
only four elementary operation are needed to obtain n
the SAD score at each new point. z (L(x + j, y + n + 1)2- L(x + j, y - n)2)

The pre-processing step requires computation of the j=-n
mean and variance of the two images. Considering the (13)
left image, and posing N2 = (2n + 1) (2n + 1), the
mean is given by 1T,- (,r q,-4L1 =-TT (a. 1 u 1A;IV

1 n 1
a(X, N2S) L(x+jry+i) = NS1(x,y)

,^_-T
(7)

while the variance can be expressed [41 as

1 n

a2(x,Y) = 5 L(x+ j, y+i)2-,_t2(X y)

= =S(z:y)_ 2 (X, y)

j=7hS2(X,Y) -p2xy (8
(8)

Since equations (7) and (8) rely on the same basic
operation it can be easily verified that the computation
of mean and variance can be carried out using the fol-
lowing schemes:

SI(X, y+ 1)=SI (X,y) + Us, (x,y + 1) (9)

Us (X,y +1)
n
S (L(x+ j, y + n + 1) - L( x± j, y-n))

j=-n
(10)

Us,(x,y + 1) =Us,( - l,y + 1)+
(L(x + n, y + n + 1) - L(x + n, y-n))-
(L(x - n - l,yy + n + 1) - L(x - n - l,y - n))

(1 1)

S2(x,y+ 1)=S2A(x, y) +±US (x,y±+1) (12)

U,ti2 k J'l Y -T- ) - "'2\1b T 1JT

(L(x+n,y+n+1)2 -L(x+n,y--n)2)-
(L(x -n--- l,y+in+ 1)2 - L(x - n - 1,y - n)2)

(14)

In both matching and pre-processing steps it is pos-
sible to introduce a third level of incremental computa-
tion aimed at achieving additional speed-up. 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 on the left corners
and B those on the right.

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. Naming T
the array of the B terms, each element can be refer-
enced with the index x = 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(x). Af-
ter both terms have been used, T(xi) is updated to the
newly calculated B term.

To introduce this third level of incremental compu-
tation into the pre-processing step, formula 11 for the
mean calculation is rewritten as follows:

Us,(x,y + 1) = ( - l,y + 1)+
(L(x + n, y + n + 1) - L(x + n, y - n)) - T(x)

(15)
where

T,(i) =
L(x - n - 1,y + n + 1) - L(x - n -1,y - n)
with x=x mod (2n + 1)

(16)
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Similarly formula 14 for the variance calculation

becomes:

US2(X,y+l) =Us2(x-l,y+1)+
(L(x + n,y + n + 1)2 - L(x + n, y - n)2) -T2

(17)

where

T2( ) =

(L(x - n - 1, y + n + 1)2 - L(x - n - 1,y - n)2)
with =x mod (2n + 1)

(18)

In the matching step the third level of incremental
computation is applied for each disparity value d E
[0, dmaZr]; thus, the array T grows by one dimension
and formula 6 is rewritten as follows:

U(x,y+ 1,d) = U(x- l,y + 1,d)+
(IL(x+n,y+n+1) -R(x+d+n,y+n+ 1)1
- IL(x+n,y-n) -R(x+d+n,y-n)1) -T(i,d)

(19)

where

T(i;,d) =
IL(x-n- l,y+n+1) -R(x+d-n-1,y+n+1)1-
IL(x -n- l,y -n) - R(x+d-n- l,y -n)
with =x mod (2n + 1), dE [°, dmz]

(20)

5 Mapping on a processor with parallel
SIMI) instructions

Our stereo algorithm is designed to run on Intel
Pentium processors providing at least the MMX
[161 multimedia instruction set. Because the new
generation of Pentium processors (Pentium m and
Pentium 4) provide a better support for SIMD (Single
Instruction Multiple Data) programming with the SSE
(Streaming SIMD Extensions) [18] instruction set, we
also developed an optimised SSE version which will
be discussed next.

5.1 Pre-processing step

The preprocessing step takes in 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 incremental cal-
culation scheme described in section 4 to dramatically
decrease the number of operations executed at each
pixel. Figure 4 shows which steps are taken to pre-
process an input frame. The pixel (n, n) is processed
first to compute its mean by running two nested loops
completely visiting all the pixels in the window cen-
tered at (n, n). With this step 2n + 1 elements are
stored in a vector called DeltaMean containing each
the sum of the pixels within the light gray vertical
stripes. 2n + 1 elements are also stored in a vector
called DeltaVariance for the sum of squared val-
ues of the same pixels.

-_-r- ---- t-II

~. I11X___i-.

I ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~I

-j I~~~~~~~~~~~~~~~~

Is~

Figure 4. Pixels Involved in the preprocessing
step.

Next step consists in moving to the remaining pix-
els of the first row applying the horizontal recursion.
For a given pixel (x, n), x > n , the mean compu-
tation needs the sum of values of all pixels in the
window centered at (x,n). Those quantities can be
obtained from the same sum computed for the previ-
ous pixel (x - 1, n), with a correction given by the
two vertical strips shown in Figure 4 on the left and
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right sides of the window centered at (x, n). The sum
of values referred to the strip on the left is found in
Del taMean vector in position j = (x - n)mod(2n+
1). For each pixel (x, n) is then required one loop
only, 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 com-
pute 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

strong use of SIMD instructions. This is possible by
first initializing some data structures while processing
the first pixel (n, y + 1) of the current row. The mean
for the pixel (in, y + 1) is given by the sum of val-
ues referred to the pixels in the window centered in
(n, y) and the corrections represented by the horizon-
tal strips on the top and bottom of the window centered
at (n, y + 1). Variance calculation simply differs be-
cause based on the squared values of the same pixels.

While visiting both horizontal strips, DeltaMean
and DeltaVariance arrays are initialized so that
each element contains respectively the difference of
values and 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 incre-
mental computation described in 15 and 17.

5.2 Pre-processing step: SIMD implementation

SIMD programming brings optimal results when
applied to the final step of the preprocessing step be-
cause it allows for parallel mean and variance compu-
tations.

The first (vertical) incremental step consists in re-
trieving the sums of values and sums of squared values
referred to the pixels (x + i, y), i = .... 7 located on
the previous row and correcting those quantities with
the contributions U 1 (x+i, y+1) and U82(x±i, y+l),
i=O . ... 7 in formulas 9 and 12.

The second (horizontal) incremental step computes
terms Usi(x+i,y+1) and Us2(X+i,y+1), i = O ... 7
as a progressive correction of the same terms referred
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 reference to one pixel of the eight processed in
parallel, figure 4 shows that Uj1 is given by (-y -/3) -

(d - a) while U,2 by the quantity (y2 _ /2) _ (62 _
a2). The third and final incremental step is intended
to compute and store terms (-y - /) and (-? _ 32) SO
that they can be re-used as terms (6 - a) and (62 - a2)
when processing the pixels (x + (2n + 1) + i, y + 1),
i =0...7.

The described process is slightly complicated by
the need to store terms (-y - /3) in words and terms
(-2 _ 32) in double words, respectively reducing the
parallelism to 4 and 2. The following MMX code
shows how we compute terms (-y - /). 8 -y values are
read from the bottom-right corner of the correlation
window and casted to words with the MMX instruc-
tions punpcklbw and punpckhbw, and the same is
done for the 8 / values from the top-right corner. A
pair of psubsw (packet subtract words with satura-
tion) MMX instructions are finally used to compute in
parallel the 4+4 (7 - /3) differences.

pxor mm7, mm7
mm7=0
DnR: accessing 8 gamma values

movq mm6, [esi+ecx]
; mm6 = pixel 0-7 from corner D]
movq mm5, mm.6
; mm5 = mm6 copy
punpcklbw mm6, mm7
; mm6 = pixel 0-3 from corner Dr
punpckhbw mm5, mm7
; mm,5 = pixel 4-7 from corner Di
* UpR: accessing 8 beta values
movq mm4, [esi]
; mm4 = pixel 0-7 from corner U1
movq mm3, mm4
; mm3 = mm4
punpcklbw mm4, mm7
; mm4 = pixel 0-3 from corner Uj
punpckhbw mm3, mm7

mm3 = pixel 4-7 from corner Ul
(gamma - beta) terms

psubsw mm6, mm4
; mm6 = (0-3 DnR) - (0-3 UpR)
psubsw mm5, mm3
; mm5 = ( 4-7 DnR) - (4-7 UpR)

nR (BYTES)

nR (WORDS)

nR (WORDS)

pR (BYTES)

pR (WORDS)

pR (WORDS)

5.3 Matching step

The matching step takes in input the normalised
frames computed in the preprocessing step and gen-
erates the disparity map for the pair of original frames.
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The complexity of the matching step is d, (with dr =
d,ax + 1) times higher than the complexity of the
preprocessing step. Thus, the code optimisation car-
ried out within the matching step have a strong im-
pact on the overall execution time. The matching step
is implemented according to the incremental compu-
tation scheme described in section 4, which yields a
dramatic reduction of the operations executed at each
pixel. Figure 5 shows which steps are taken to pro-
cess the normalised left and right frames in order to
establish matches between pixels in the left frame and
pixels in the right frame.

The matching process consists in visiting each pixel
(x, y) in the normalised left frame to evaluate the 4d
terms SAD(x, y, d), d = O... dmax indicating the er-
ror scores ;between (x, y) and the d, pixels (x + d, y),
d = O ... dntax located within the normalised right
frame. The best match found for the current pixel
(x, y) is identified by the smaller score:
SAD-MIN = SAD(x, disparity, y)
The first processed pixel is located in the left nor-

malized frame at coordinates (2n, 2n). For each dis-
parity value, two nested loops visit all pixels within
the correlation window centered in (2n, 2n) comput-
ing one term SAD(2n, 2n, d) as indicated by formula
3. Each term is compared with the smaller previ-
ously computed so that, after considering all 4; dis-
parity values, the best match for the pixel (2n, 2n) is
found. Similarly to the pre-processing step, the partial
sums of absolute values associated with 2n + 1 verti-
cal strips shown in figure 5 must be stored to sustain
the incremental computation required for the remain-
ing pixels of the first row. The main difference be-
tween the two steps is that the matching step requires
storing (2n + 1) -d. terms instead ofjust 2n + 1.

For a generic pixel (x, 2n) in the first row of the
left normalised frame, the d. terms SAD(x, 2n, d) are
computed by adding to the terms SAD(x - 1, 2n, d)
previously stored, the corrections given by the dif-
ference between the sum of absolute values associ-
ated with the vertical strip on the right of the cor-
relation window and those associated with the verti-
cal 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 tech-
niques. Following the same scheme adopted in the
pre-processing step, the generic row is treated after ini-

tializing some data structures when processing the first
pixel of the generic row. The d, terms SAD(2n, y +
1, d), d = O ... dmax are computed as a correction of
the terms SAD(2n, y, d), d E [O..dmax] stored when
processing the previous row, basing on the following
relation:

2n+n
SAD(2n, y + 1, d) = SAD(2n, y, d) + E T(j, d)

j=2n-n

d E [0. dmax]
(21)

where

T(j,d) = IL(j,y+nm+1) -R(j+d,y+n±+1)I
-IL(j,y-n) -R(j+d,y-n)l

(22)

Figure 6 shows the case of d = 6. The correction
is given by summing up the contribution of 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 on the bottom horizontal strip in the left image
and the pixel j + 6 on the corresponding strip in the
right image. The second absolute value refers to pixels
in same positions but on the top horizontal strips.

5.4 Matching step: SIMD implementation

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. Consider formula 19. To
compute the first absolute value appearing in formula
19, we load anMMX register with 8 copies of the same
left pixel L(x + n, y + n + 1) and, in parallel, read the
8 pixels R(x +d+ nr,y+n+ 1), d = 0...7 on the
bottom of the correlation window. The following code,
based on the saturated arithmetic, shows how the eight
absolute values are computed.

; mml contains 8 copies of the
; DnR pixel in Left frame
movq mm2, [esi+ebx]
; Read 8 DnR pixels from Right frame
movq mm3, mml
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Figure 5. Pixels involved in the matching step.

; in mm3 8 copies of DnR pixel from Left
movq mm4, mml
;mm4 = 8 copies of DnR pixel from Left
; DnR absolute difference
psubusb mm3, mm2

Left(DnR)-Right(DnR), negative terms to
psubusb mm2, mnm4
; Right(DnR)-Left(DnR), negative terms to
por mm3, mm2

merge non zero terms (abs values) in mmin

The first psubusb (subtract unsigned packed bytes
with saturation) instruction stores in mm3 the positive
differences between the 8 copies of the pixel in the
left image and the 8 pixels read from the right image.
The negative differences are instead converted to zero
due to saturated arithmetic. The second psubusb
instruction exchanges the factors of the packed dif-
ference by fact, saturating the terms previously posi-
tive and storing as positive, those previously saturated.
The final por (packed or) instruction merges in nm3
the positive results from the two computed differences
providing the eight absolute values. Formula 19 is
computed for the current pixel a total of d, times eval-
uating d, differences of absolute values and accessing
d4 terms T(i, d). Each time the mentioned formula
is computed, the difference of absolute values is also
used to replace the corresponding term T(i, d) by fact,

completing the inner level of incremental computation.

5.5 SIMD search for the best match

0 The d, terms SAD(x, y + 1, d) computed for the
current pixel (x, y + 1) represent d, error scores be-

0 tween the current pixel and the (x + d, y + 1), d =
O ... d¢fLz pixels in the right image. The following
MMX/SSE code shows how VSA searches the mini-
mum SAD term within the d, available.

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

mml: current 4 indexes
dmax,dmax-l,dmax-2,dmax-3

movq mm6, MaskO4040404
; mm6: mask to decrease indexes by 4
movq (edi], mml
; [edi] holds indexes 4 SAD min

align 16
loopMinimi:
movq mm2, [edx+ecx*8-8]
; mm2: next 4 SAD values (WORDS)
psubw mml, mm6
; mml: next 4 indexes
pminsw mmO, mm2
; mmO: updates current 4 SAD min
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r[edii 32 31 30 | 29

mml 1 28 1 27 1 26 1 25 1
.~ 1 tmmO 27 | 1210 | 346 4301

mL2 | 27 1 550 | 12054 | 720
nomKRIGHT)a n - -

the first pixel of a

pm. ~ ..lium, dIL-

mmOnn 27 550 34I 720

pcmpeqw frr,2, mmO

mm2 FFFF I FFFF 0000 FFFF

maskmovq '.ml, mm2

[edil 28 1 27 | 30 | 25 | \

pcmpeqw mm2, mmO
; mask: FFFF=min changed, O=no change
maskmovq mml, mm2
; update [edi] indexes where mm2=FFFF

loop loopMinimi
; jumps decreasing ecx by 1

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

The search begins initializing nmO register with the
4 last terms SAD(x,y + 1, d), d = diax-3... dmax
previously computed and mml register with the dispar-
ity values (I.max - 3, dpmax - 2, dmax - 1 and dmax of
the SAD terms in mmO. The memory locations pointed
by the edi register are used to store the disparities of
the smaller SAD terms currently found. The loop be-
gins loading mm2 register with the 4 SAD terms imme-
diately preceding the previously accessed SADs and
mml register with the respective disparities.

The searching process is based on the SSE in-
struction pminsw (minimum of packed signed words)
which updates the current 4 minimum SAD terms in
immO considering the values in mm2. The MMX in-
struction pcmpeqw (compare packed words for equal-
ity) is then used to build a bit mask identifying which
term in mmnO is changed. The mask is used with the
SSE instruction maskmovq (store selected bytes of
quadword) to selectively move in [edi] the dispar-
ities of the SADs terms recently moved in mmO by
pminsw instruction.

At the end of the loop mmO contains 4 SAD terms
one of which is the smallest of the d, available while
the other 3 are said pseudo minima. The name pseudo
minima comes from the consideration that the paral-
lel search method doesn't ensure that the three terms
are the smaller SADs greater than the minimum, they

Figure 7. SSE minimum SAD search.

only have good chances 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 from the 4 terms in mmO and retrieving the cor-
responding disparity. At the same time we carry
out sharpness and distinctiveness tests (2 and 1).

6 Experimental results

In this section we show the experimental re-
sults obtained with the proposed algorithm using the
"Tsukuba" stereo pair, from University of Tsukuba
(the left image of the stereo pair is shown in Figure
8). We also provide the results obtained with SVS 2.0
[3, 14], a well-known area-based algorithm based on
two matching phase. Additional experimental results
can be found at the website [1].

The "Tsukuba" stereo pair contains objects at dif-
ferent depths generating, several occlusions, as well as
poorly-textured regions in the background, such as the
wall at the top-right corner. Moreover, it also contains
some specular regions (i.e. the face of the statue and
some regions of the lamp) that could render quite dif-
ficult the stereo matching process. Comparing the out-
put of our algorithm (top of Figure 9) with the ground
truth image (bottom of Figure 8) we can observe first
that the rough 3D structure has been clearly recovered:
the camera an its trestle on the background have been
recovered almost correctly as well as the objects closer
to the stereo acquisition system, such as the statue and
the lamp's head. Moreover, it is worth observing that
the major occlusions have been discarded (since in
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Figure 8. (Top) Left image of the "Tsukuba"
stereo pair and (Bottom) ground-truth.

Figure 9 the points left unmatched are represented in
red, this can be seen clearly if the paper is printed with
colours. However, some details such as for example
the lamp's wire, the lamp's switch and the two roads
that sustain the lamp, have vanished. Moreover the
disparity map shows the border-localisation problem.
This causes clearly an unaccurate fitting of the object's
silhouette in the original image into the disparity map.
These problems are inherent to local algorithms since
they depend on the method adopted to establish cor-
respondences, which relies on the use of a local sup-
port area. Local algorithms behave correctly when the
correlation window covers a region at constant depth
but are likely to produce artifacts when the correlation
window covers regions at different depths. Some au-
thors [15, 11] propose local algorithms aimed at re-
ducing the border-localisation problem. However, it
is worth pointing out that the results provided by these
algorithms are still less accurate that those generated
with global, slow algorithms such as [13].

The results obtained by SVS on the "Tsukuba" im-
age pair (bottom of Figure 9) are very similar: the
rough 3D structure is recovered and the major occlu-

Figure 9. (Top) Disparity map computed with
the proposed approach and (Bottom) with
SVS 2.0.

sions are correctly detected. This result show a sim-
ilar behaviour between left-right constraint based al-
gorithms and the proposed matching approach. Addi-
tional experimental results can be found at the web site
[1].

Finally, we report in Table I some measurements
aimed at assessing the speed of the two algorithms
with different image sizes and disparity ranges. These
measurements have been obtained on an Intel Pentium
III processor running at 800 MHz. From Table 1
we can see that for a small disparity range (i.e. 16)
SVS is always faster, much faster for small images (i.e.
(320 x 240)) and slightly faster for bigger images. Yet,
as the disparity range is increased, our algorithm gets
faster than SVS, significantly faster for big images and
large disparity range.

7 Conclusion

We have presented an area-based stereo matching
algorithm which relies only on a single matching phase
and that detects unreliable matches by detecting viola-
tions of the uniqueness constraint. Further reliability
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Alg. (size)/d 16 32 48 64
P.A. (320 x 240) 39.59 31.25 27.44 25.94
SVS (320 x 240) 57.99 33.68 20.49 15.31
P.A. (640 x 480) 8.94 6.92 5.77 5.17
svs (640 x 480) 11.99 5.93 4.07 3.18

P.A. (800 x 600) 5.56 4.28 3.60 3.18
svs (800 x 600) ] 6.96 3.65 2.53 J 1.94
P.A. (1024 x 768) 3.32 2.56 2.09 1.86
svs (1024 x 768) 3.79 2.07 1.45 1.06

Table 1. Speed measurements (in terms of
frame per second fps) for the proposed al-
gorithm (P.A.) and SVS 2.0.

improvement is achieved, at a low computational cost
thanks to the use of parallel SIMD programming, by
constraining the behavior of the error scores. Elim-
ination of redundant operations is based on efficient
calculation schemes and deploys a further level of re-
cursion aimed at avoiding redundant computations that
take place within the correlation window. We have
provided a detailed description of the parallel mapping
of the algorithm onto a general purpose processors
with SIMD capabilities. We have shown the experi-
mental results obtained on a stereo pair with ground
truth and compared these results with the available
ground-truth and with those obtained by a well-known
algorithm based on the left-right constraint. Finally,
we have provided some speed measurements showing
that the algorithm runs remarkably fast on a standard
Personal Computer.
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