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Abstract

The paper presents the matching core of a stereo algo-
rithm suitable to real-time applications. Unlike most area-
based algorithms, the proposed approach relies on a sin-
gle matching phase (i.e. do not include the check for left-
right consistency). Unreliable disparity measuremnts are
primarly detected on the basis of the violation of the unique-
ness constraint. In order to further improve the reliability
of the matches we enforce additional contraints based on
the behaviour of the error function that can be veryfied at a
very small computational cost. Experimental results show
that the proposed approach provides reliable disparity mea-
surements and that it is significantly fast.

1 Introduction

Numerous examples of dense stereo applications which
require real-time performance can be found in teleconfer-
encing, virtual reality, robot navigation and control. Ac-
cording to a recent taxonomy [11], stereo algorithms that
generate dense depth measurements can be roughly di-
vided into two classes, namely global and local algorithms.
Global algorithms, e.g. [12, 8] yield accurate and dense dis-
parity measurements but exhibit a very high computational
cost that renders them unsuited to real-time applications.
Local algorithms, e.g. [4, 7, 9, 2], also referred to as area-
based algorithms, calculate the disparity at each pixel on the
basis of the photometric properties of the neighbouring pix-
els. Compared to global algorithms, local algorithms yield
significantly less accurate disparity maps but can run fast
enough to be deployed in many real-time applications.

As far as local matching algorithms are concerned, and
considering the more common case of a binocular stereo
imaging system, a widely adopted method [4, 9, 2] aimed at
detecting unreliable matches, such for example those due
to occlusions or photometric distortions, is the so called

left-right consistency constraint [5]. This method relies on
two successive matching phases, left-to-right (direct match-
ing phase) and right-to-left (reverse matching phase). Then,
only those matches that turn out to be coherent are retained
as valid. The left-right check has proven to be particularly
effective in detecting and discarding the erroneous matches
necessarily yield by area-based algorithms [3, 9, 2]. How-
ever, this approach is characterised by a significant compu-
tational cost. This paper present a matching approach that
detects unreliable matches during the direct matching phase
and therefore does not require a reverse matching phase.

2 The basic matching core

We assume a binocular stereo pair and images in stan-
dard form, i.e. with corresponding epipolar lines lying on
corresponding image scanlines. Should the latter assump-
tion not be verified, a suitable transformation, known as rec-
tification (see for example [6]), must be applied to obtain a
pair of images in standard form from the original ones.

Hence, in local algorithms, given a point in the refer-
ence image the homologous point is selected by searching
along the corresponding scanline in the other image, and
within a certain disparity range, for the point that minimize
(maximize) an error (similarity) function, �, representing
the degree of dissimilarity (similarity) between two small
regions of the stereo pair. Our matching 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 modifying dispar-
ity measurements dynamically as long as the matching pro-
cess proceeds. Let’s assume that the left image is the refer-
ence, that disparity, �, belongs to the interval �� � � � ����� and
that the left image is scanned from top to bottom and from
left to right during the matching process. The algorithm,
starting from one point of left image, say ��� � ����� ��,
searches for the best candidate by evaluating function �,
within the interval �	�� � ����� �� � � � 	��� ���. Then, for the
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successive point of the reference image ����������� �� the
procedure is repeated searching for the best match within
�	���������� �� � � � 	����� ���. The process is then iterated
for the successive points along the scanline.
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Figure 1. Geometric interpretation.

Suppose now that the best match found for ��� � 
 �

����� �� is 	��� ��, with similarity score ���� 
� ����� �� ��.
We adopt the notation ����
������ �� � 	��� �� 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 (similarity) function, as the
main cue driving the matching process, even though this cue
may be ambiguous, due to many causes such as for example
photometric distortions, occlusions and signal noise. How-
ever, wrong matches expose inconsistencies within the set
of matches already established that can be deployed to de-
tect and discard them. Thus, let’s suppose that another point
of the left image, say ���������� � ��, with � � 
, has pre-
viously matched with 	��� �� with score ����������� �� ��.
This situation, that violates the uniqueness constraint, is
used in our approach to detect wrong matches. In fact,
based on the uniqueness constraint we assume that at least
one of the two matches, i.e. ��� � 
 � ����� �� � 	��� �� or
��� � � � ����� �� � 	��� ��, is wrong and retain the match
having the better score. Thus, if the point currently analysed
���� 
 � ����� �� has a better score than ��� � �� ����� ��

(i.e. ��� � 
 � ����� �� �� � ��� � � � ����� �� ��) our al-
gorithm will reject the previous match and accept the new
one. This implies that, although the proposed approach re-
lies on a direct matching phase only, it allows for recov-
ering from possible previous matching errors. Considering
again the two matches ��� � ��� � � � ����� �� � 	��� ��

and �	� � ��� � 
 � ����� �� � 	��� ��, the algorithm will
discard the old one, ���, since the new one, �	�, has a bet-
ter score with 	��� ��. Moreover, if we find a new “colli-
sion” when analysing the successive points of the left im-
age: �
� � ����  � ����� �� � 	��� ��, the score of this new
match will be compared with that associated with the cur-
rent best match for 	��� ��, so as to retain only one single
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Figure 2. Map stereo pair.

match. Figure 1 shows a geometric interpretation of the
proposed matching approach: as long as the left-to-right
matching process proceeds, the algorithm disambiguates
between all the matches that locate 3D points lying on the
same line of sight originating from a point of the right im-
age. These sort of matches will be referred to as “colliding
matches” for a given point of the right image 	��� ��.

3 Improving match reliability

The reliability of the disparity measurements provided
by the basic matching core can be improved by incorpo-
rating additional constraints. Since our algorithm 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 reliability of the matches at a
very small computational cost by exploiting the data already
computed by the matching core.

Let’s consider Figure 3, that plots the error scores (� axis)
for each disparity value (� axis) along the epipolar line (�
axis) marked in white in Figure 2. In regions A,C and E
the minima can be localised without ambiguity. Regions
A and E belong to the background (left side and right side
of the foreground object respectively) while region C be-
longs to the foreground object. The minima in region C are
sharper than those in regions A and E. This occurs because
the foreground object is more textured than the background
and thus the higher signal strength yields higher error scores
for non homologous points. However, strong texture does
not guarantees match reliability since in presence of repet-
itive patterns (not the case of the considered example) the
global minimum of the error score might be sharp but close
to some other local minimum. Hence, another important
feature of the global minimum is its distinctiveness com-
pared to the other local minima.

Differently from regions A,C and E, in regions B and D
the minimum is ambiguous. This occurs because in regions
B and D the correlation window covers areas at different
depths. Consider for example the point of the left image at
the center of correlation window I in Figure 2. Local sup-
port for this point comprises background and foreground
points. Due to the geometry of stereopsis, when searching
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Figure 3. Plot of the error scores along the
line marked in white in Figure 2.

along the epipolar line for a similar area in the right image
correlation window I cannot match completely any corre-
lation window of the right image. In fact, since I is located
across a depth discontinuity, the points within I do not main-
tain their spatial relationship when projected into the right
image. Thus, only a portion of correlation window I (i.e.
its background or foreground portion) can match perfectly
a portion of a correlation window in the right image (i.e. the
background or the foreground portion). Figure 2 shows the
case in which the foreground portion of the correlation win-
dow under examination (i.e. I) matches the foreground por-
tion of correlation window I’ in the right image, since they
correspond to the same 3D regions, while the background
portions of the two windows are very different since they
correspond to different regions of the 3D scene. It is worth
observing that in such situations the error score computed
within the correlation window comprises two components:
one is associated with the similar portions of the window (a
low score) and the other with the different portions (an high
score). Consequently, the overall score for the minimum
should result less distinctive than those typically found in
regions without depth discontinuities (i.e. A, C and E). The
described effect is worsened in region D due to the presence
of occluded points that render the correspondence problem
even more ambiguous.

In our algorithm the global minimum is located very

quickly using a parallel technique [2] that with a few SIMD
instructions (i.e. MMX instructions) yields the score (����)
and the position within the disparity range (����) of the
global minimum as well as the scores (��� ��� ��) and po-
sitions (��� ��� ��) 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 estimate 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 posi-
tion of the global minimum the match is potentially am-
biguous (for example, this happens in presence of repeti-
tive 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 posi-
tion 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:

Æ� �
��

���

��� � ����� (1)

A low Æ� value (the lowest value is 4) indicates that the
pseudo-minima are localized in proximity of the global min-
imum and thus the match is accepted as reliable. Conversely
an high Æ� value means that the pseudo-minima are spread
within the disparity range and hence the match is poten-
tially ambiguous. In order 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 evaluating whether the score of the global minimum is
much smaller than those of the pseudo-minima. The fol-
lowing relation

Æ� �
��

���

��� � ����� (2)

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

����
to evaluate the distinc-

tiveness of the global minimum, with high ratios indicating
distinctive global minima.

4 Experimental results

In this section we show the experimental results obtained
with the three stereo pairs Map, Sawtooth and Venus, avail-
able at the web site [10]. Additional experimental results
can be found at [1]. The three stereo pairs contain planar
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slanted objects at different depths presenting several occlu-
sions. The Map stereo pair (Figure 2) is highly textured
while some regions of Sawtooth (Figure 5) and Venus (Fig-
ure 6) present a lower degree of texture. It is worth notic-
ing that the ground truths available at [10] and our disparity
maps are referred to opposite reference images.

Figure 4 shows the ground truth for the Map stereo pair
(left) and the disparity maps obtained running our algo-
rithm with the sharpness test and distinctiveness test dis-
abled (center) and enabled (right). In these maps the grey
levels represent disparity measurements (closer points are
brighter) while white points represent unmatched points
(i.e. points where the match has been rejected by the match-
ing core or by the two additional test if these are enabled).
The map obtained with the two tests disabled shows that
the proposed matching approach based on the uniqueness
constraint allows for recovering correctly most of the 
�

structure of the scene and holds the potential to deal with
large occlusions (see the wide white area at the right side
of the foreground object). The map obtained with the two
tests enabled indicates that the additional tests are effective
in further rejecting unreliable measurements. These tests
allows for discarding several wrong measurements estab-
lished within the occluded region as well as measurements
belonging to regions where the correlation window covers
regions at different depths (white points around the object’s
contour). The disparity maps of Figure 5 and 6, obtained
with the tests enabled, show that the proposed algorithm
is capable of dealing with complex occlusions (e.g. those
found in the Sawtooth stereo pair) as well as to discard mea-
surements occurring in low textured areas (e.g. in Venus the
dark background region and the uniform regions belonging
to the foreground object appearing in the left of the image).

Table 1 reports the speed measurements obtained run-
ning our stereo algorithm on a Pentium III processor at 800
MHz with different images sizes (i.e. �
	��	���, ��������,
����� ��� and ���	�� ���) and disparity ranges (i.e.16, 32,
48, 64 and 80).

5 Conclusion

We have presented a stereo matching approach that relies
only on a left-to-right matching phase. It detects unreliable
matches via “colliding matches”, i.e. matches that violate
the uniqueness constraint. Further improvement of the re-
liability of the matching process is achieved by introducing
additional constraints based on the analysis of the behaviour
of the error (similarity) function. Our experimental results
indicate that the matching algorithm produces dense and re-
liable disparity maps, detecting and discarding correctly un-
reliable matches, such as for example those associated with
occlusions. Measurements of the execution times show that
the algorithm is very fast and hence holds the potential to

����� ���� � � � � � 
	 � � �� � � � � � ��

�
	� � 	��� 39.59 31.25 27.44 25.94 25.96

��� � ���� 8.94 6.92 5.77 5.17 4.78

���� � ��� 5.56 4.28 3.60 3.18 2.89

���	� � ��� 3.32 2.56 2.09 1.86 1.67

Table 1. Speed measurements in terms of
frame per second (fps).

be employed in real-time applications requiring dense depth
maps.
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Figure 4. Ground truth for the Map stereo pair (left), disparity map obtained with additional tests
disabled (center), disparity map obtained with additional tests enabled (right).

Figure 5. Left image of the Sawtooth stereo pair (left), ground truth (center), disparity map obtained
with additional tests enabled (right).

Figure 6. (Left) Left image of the Venus stereo pair (left), ground truth (center), disparity map obtained
with additional tests enabled (right).
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