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Abstract. Brute-forcedensematchingisusually not satisfactory becausethesame
search rangeis used for the entireimage, yielding potentially many fal se matches.
In this paper, we propose a progressive scheme for stereo matching which uses
two fundamental concepts: the disparity gradient limit principleand theleast com-
mitment strategy. The first states that the disparity should vary smoothly almost
everywhere, and the disparity gradient should not exceed a certain limit. The
second states that we should first select only the most reliable matches and there-
fore postpone unreliable decisions until enough confidence is accumulated. Our
technique starts with afew reliable point matches obtained automatically viafea-
ture correspondence or through user input. New matches are progressively added
during an iterative matching process. At each stage, the current reliable matches
constrain the search range for their neighbors according to the disparity gradient
limit, thereby reducing potential matching ambiguities of those neighbors. Only
unambiguous matches are selected and added to the set of reliable matches in
accordance with the least commitment strategy. In addition, a correlation match
measurethat allowsrotation of the match templateis used to provide amore robust
estimate. The entire process is cast within a Bayesian inference framework. Ex-
perimental resultsillustrate the robustness of our proposed dense stereo matching
approach.

Keywords: Stereo vision, Stereo matching, Disparity gradient limit, Least com-
mitment, Progressive matching, Bayesian inference, Correlation, Image registra-
tion.

1 Introduction

Over the years numerous algorithms for image matching have been proposed. They can
roughly be classified into two categories:

Feature matching. They first extract salient primitivesfrom theimages, such ascorners
and edge segments, and match them across two or more views. An image can then
be described by a graph with primitives defining the nodes and geometric relations
defining the links. Matching becomes finding the mapping of graphs: subgraph iso-
morphism. Some heuristics such as assuming affine transformation between images
areusually introduced to reduce the complexity. These methods arefast because only
a small subset of the image pixels are used, but may fail if the chosen primitives
cannot bereliably detected intheimages. They only produce avery coarse 3D model
of the actual scene. The following list of references is by no means exhaustive: [9,
13,15,1, 5]
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Template matching. They attempt to correlate image patches across views, assuming
that they present some similarity [8, 10, 7, 18, 20]. The underlying assumption ap-
pears to be avalid one for relatively textured areas and for image pairs with small
difference; however it may be wrong at occlusion boundaries and within featureless
regions. Although these algorithms produce a dense 3D reconstruction of the actual
scene, brute-force matching is usually not satisfying because of potentially many
false matches.

All above stereo matching algorithms suffer from the difficulty in specifying an appro-
priate search range and the inability to adapt the search range depending on the observed
scene structure.

In this paper, we propose a progressive scheme that, to some extent, combines these
two approaches. It starts with a few reliable point matches obtained automaticaly via
feature correspondence or through user input. It then tries to find progressively more
pixel matches based on two fundamental concepts: disparity gradient limit principle and
least commitment strategy. The disparity gradient limit principle states that the disparity
should vary smoothly almost everywhere, and the disparity gradient should not exceed a
certain value. Thisdefinesthe search rangefor candidate matches. Theleast commitment
strategy states that we should first select only the most reliable matches and therefore
postpone an unreliable decision until enough confidence is accumulated. New matches
are progressively added during an iterative matching process. At each stage, the current
reliable matches constrain the search range for their neighbors according to the disparity
gradient limit, thereby reducing potential matching ambiguities of those neighbors. Only
unambiguous matches are sel ected and added to the set of reliable matchesin accordance
with the least commitment strategy.

Lhuillier and Quan recently reported a matching algorithm using asimilar idea[11].
They also start with afew reliable point matches, but thetechniqueto find morematchesis
very different from ours. They first choosethe best match, and look for additional matches
in their 5 x 5 neighborhood. Therefore, they only consider one match each time and
propageteit in avery small area, while we consider all current matches simultaneously
and do not restrict the propagation within a very small area. Chen and Medioni [3]
uses a very similar strategy to that of Lhuillier and Quan, but work with a volumetric
representation.

The paper is organized as follows. Section 2 presents the disparity gradient limit
principle and the least commitment strategy, and introduces a scheme for progressive
matching. Section 3 describestheimplementation detail son how disparitiesare predicted
and estimated, which is formulated within a Bayesian inference framework. Section 4
proposes anew correlation technique designed for camerasin general position. Section 5
provides experimental results, including intermediate ones, with two sets of real data.
Section 6 concludes the paper with a discussion on future work.

2 A Progressive Scheme

We first describe the two fundamental concepts, namely the disparity gradient limit
principleand thel east commitment strategy. Wethen present asimpl e progressive scheme



which starts afew seed matches and then tries to find progressively more pixel matches
based on these two concepts.

2.1 Disparity Gradient Limit Principle

Disparity isdirectly related to depth. Disparity changes coincidewith depth changes. The
disparity gradient limit principle states that the disparity should vary smoothly almost
everywhere, and the disparity gradient should not exceed acertain val ue. Psychophysical
studies have provided evidence that in order for the human visual system to binocularly
fuse two dots of asimple stereogram, the disparity gradient (ratio of the disparity differ-
ence) between the dotsto their cyclopean separation must not exceed alimit of 1[2, 16].
Objectsin the world are usually bounded by continuous opaque surfaces, and disparity
gradient can be considered as a simple measure of continuity. The disparity gradient
limit principle provides a constraint on scene jaggedness embracing simultaneously the
ideas of opacity, scene continuity, and continuity between views [14]. It has been used
in severa successful stereo matching algorithms including the PMF agorithm [15] to
resolve matching ambiguity.

The disparity gradient limit principle is used differently in our work, as we will
explainindetailsin Section 3.1. It isexploited to estimate the uncertainty of the predicted
disparity for aparticular pixel, and the uncertainty isthen used to definethe search ranges
for candidate matches.

2.2 Least Commitment Strategy

The least commitment strategy states that we should first select only the most reliable
decisions and therefore postpone an unreliable decision until enough confidence is ac-
cumulated. It is a powerful strategy used in Artificial Intelligence, especially in action
planning [22,19]. Since no irreversible decision is made (i.e. all decisions made are
reliable), this principle offers significant flexibility in avoiding locking search into a
possibly incorrect step where an expensive refinement such as backtracking has to be
exploited.

Theleast commitment strategy isexplored in our algorithmin four ways (abbreviated
as STAB):

Sear ch range. Matching criterion such ascorréelationislocal and heuristic. If the match
of a pixel has to be searched in a wide range, there is a high probability that the
found match is not a correct one. It is preferable to defer matching of these pixels
aslate as possible because the search range may be reduced later after morereliable
matches are established.

Texture. A pixel ismorediscriminating inahighly textured neighborhood than others. It
is difficult to distinguish pixels in the same neighborhood having similar intensity.
Therefore, we can expect to have more reliable matches for pixels in areas with
strong textures, and thus try to match them first.

Ambiguity. Wemay find several candidate matchesfor apixel. Rather than using expen-
sive techniques such as dynamic programming to resolve the ambiguity, we simply
defer the decision. Once morereliable matchesarefoundin the future, the ambiguity
will become lower because of a better disparity estimate with smaller uncertainty.



Bookkeeping. If a pixel does not have any candidate match, it is probably occluded
by others or is not in the field of view of the other camera, then we do not need
to search for its match in the future. Similar, if a pixel has aready found a match,
further search is not necessary. We bookkeep both types of pixelsfor efficiency.

2.3 A Progressive Stereo Matching Algorithm

We can now outline the proposed progressive agorithm. Details will be given in the
following sections.

A pixel in the first image has three labels: MATCHED (already matched), NOVATCH
(no candidate matches found), and UNKNOWN (not yet decided). All pixels areinitially
labeled as UNKNOWN.

For a pixel which islabeled UNKNOWN, we compute alist of candidate pixelsin the
second imagewhich satisfy the epipolar constraint and disparity gradient limit constraint.
We use the normalized cross correlation as our matching criterion. For a pair of pixels
between two images, we compute the normalized cross correlation score between two
small windows, called correlation windows, centered at the pixels. The correlation score
ranges from —1, for two correlation windows which are not similar at all, to +1, for
two correlation windows which are identical. The pair of pixels are considered as a
potential match if the correlation score islarger than a predefined threshold 7. Thelist
of candidate pixels are ordered on the epipolar line, and the correlation scores form a
curve. If thereisonly one peak on the correl ation curve exceeding the threshold T, then
the pixel at the peak is considered as the match of the given pixel in the first image, and
the given pixel islabeled as MATCHED. If thereis no peak exceeding the threshold 7,
we label the given pixel as NOVATCH, as we mentioned earlier. If there are two or more
peaks exceeding T, the matching is ambiguous, and according to the least commitment
principle, we simply leave it asis. We iterate this procedure until no more matches can
be found or the maximum number of iteration is attained.

Aswe described earlier, pixelsin highly textured areas are considered first. Texture-
nessis measured asthe sample deviation of the intensity within acorrelation window. In
order for apixel in the first image to be considered, its sample deviation must be larger
than athreshold T, . Thethreshold 7,,, evolveswith iteration. It isgiven by amonotonic
function Threshol dSigmal ntensity which never increases with iteration.

Similarly, if a given pixel in the first image has a large uncertainty of its disparity
vector, this pixel should be considered as late as possible. In order for a pixel to be
considered, the standard deviation of its predicted disparity vector must be smaller than
athreshold 7}, ,. The threshold 7,,, evolves with iteration. It is given by a monotonic
function ThresholdS gmaDisparity which never decreases with iteration. That is, we, at
the beginning, only considered pixelsthat have agood prediction of the disparity vector.

Please note that the above description is outlined only to present the essential ideas.
The actual implementation of several components such as correlation computation is
different, as we will describe in the next section.

The pseudo C++ code of the algorithm is summarized in Figure 1.

The above algorithm has a number of important properties:

Progressiveness. Because of bookkeeping, the number of pixels examined in each it-
eration becomes smaller. Also, as we will show later, the search range for a pixel



iteration = 0O;
whil e (the maxi mum nunber of iterations is not reached)
and (nore natches are found) {
T,, = Threshol dSigmalntensity(iteration);
T,, = Threshol dSi gmaDi sparity(iteration);
for (every pixel labeled UNKNOMWN in the first image) {
estimate the disparity vector and its uncertainty;
if (or_of _the_pixel < Tg,)
continue; // not enough textured
if (op_of _the_pixel < Ty,)
continue; // too nmuch uncertainty for its match
conpute the list of candidate pixels in the second image;
conpute the correlation score C for each candi date pixel;
if (there is one peak on the correlation curve)
and (its C > T¢) {
update its disparity vector;
| abel the pixel as MATCHED.

else if (there is no candidate whose C > T¢) {
| abel the pixel as NOVATCH.
}

Fig. 1. Pseudo C++ code of the progressive stereo matching algorithm.

is reduced when we update the disparity with more matched pixels. This property
guarantees that the iterative procedure is actualy making some progress and that
the search space is being reduced.

Monotonicity. Because of the monotonicity of functions ThresholdS gmal ntensity and
ThresholdSgmaDisparity, threshold 7, is getting smaller and threshold 7, is
getting larger with the progress of the algorithm. This meansthat the probability that
apixel labeled as UNKNOWN i s selected for matching test becomes higher, eventually
resulting more MATCHED/NOVATCH pixels. Together with the update of disparity
vectors and their uncertainty, this property guarantees that the set of UNKNOWN
pixels considered is truly different from that prior to refinement, “different” in the
sense of the actual pixels considered and also of their candidate pixels to match in
the other image.

Completeness. This property says that adding more MATCHED/NOVATCH pixels will
not lose any potential matches. Thisis desirable because it meansthat an expensive
refinement such as backtracking is never performed. The above proposed algorithm
clearly satisfies this property because of the least commitment strategy, provided
that the disparity gradient limit constraint is satisfied over the entire observed scene.

The completeness property of our algorithm does not imply that as the final result each
pixel must be labeled either MATCHED or NOMATCH. Indeed, pixels within a uniform
color region may still be label ed as UNKNOWN. However, from the neighboring matched



pixels, thesepixel shavean estimate of their disparity vectorsthat can beusedif necessary,
for example, for image-based rendering.

3 Implementation Details

In this section, we provide the details in implementing the progressive algorithm de-
scribed in the last section. Basically, for each pixel labeled UNKNOAN, we need to do
twothings: prediction thedisparity and itsuncertainty, based on theinformation provided
by the neighboring matched pixels; estimation of its disparity based on the information
contained in the images.

If we formulate the problem in terms of Bayesian inference (see e.g. [21]), thefirst
corresponds to the prior density distribution of the disparity, p(d|m, B), where d isthe
disparity of the given pixel m, and B denote the relevant background information at
hand such as the epipolar geometry and the set of already matched pixels. The second
correspondsto the sampling distribution p(I’|d, m, B), or thelikelihood of the observed
data(i.e., thesecondimage I’) givend, m and B. Bayes' rule canthen beused to combine
the information in the data with the prior probability, which yields the posterior density
distribution

p(I'ld, m, B)p(d|m, B)
p(I’|m, B) ’

p(d|I/vm7B) = 1)

where p(I'|m, B) does not depend on d and can be considered as a constant be-
cause the second image I’ is fixed. We can thus omit the factor p(I’'|m, B) and work
on the unnormalized posterior density distribution p(I’|d, m, B)p(d|m, B), still de-
noted by p(d|I’, m, B) to abuse the notation. Appropriate computations to summarize
p(d|I’,;m, B) are finaly performed in order to decide whether the pixel under con-
sideration should be labeled MATCHED or NOMATCH, or kept as UNKNOWN for future
decision.

3.1 Prediction of the Disparity and its Uncertainty

Before introducing our work, it is helpful to define disparity and disparity gradient and
summarize the related results obtained by others.

Disparity is well defined for parallel cameras (i.e., the two image planes are the
same) [6]. Without loss of generality, the horizontal axis is assumed to be aligned in
both images. Given apixel of coordinates (u, v) in thefirst image and its corresponding
pixel of coordinates (u’, v") in the second image, disparity is defined as the difference
d = v’ — v. Disparity is inversely proportional to the distance of the 3D point to the
cameras. A disparity of 0 impliesthat the 3D point is at infinity.

Consider now two 3D points whose projections are m; = [uy,v;]7 and my =
[ug,v2]T in the first image, and m| = [u},v}]T and m), = [u},v}]T in the second
image (v} = uy and u}, = uy in the parallel cameras case). Their disparity gradient is
defined to be the ratio of their difference in disparity to their distance in the cyclopean



image.! In the first image, the disparity gradient is given by
do — dy
Vo — V1 + (dg — dl)/2 '

Experiments in psychophysics have provided evidence that human perception im-
poses the constraint that the disparity gradient DG is upper-bounded by alimit K. That
is, if a point on an object is perceived, neighboring points having DG > K are sim-
ply not perceived correctly. The limit K = 1 was reported in [2]. The theoretical limit
for opaque surfacesis K = 2 to ensure that the surfaces are visible to both eyes [14].
Although the range of alowable surfacesis large with K = 2, disambiguating power
is weak because false matches receive and exchange as much support as correct ones.
Another extreme limit is K =~ 0, which allows only nearly front-parallel surfaces, and
this has been used locally in the stereogram matching algorithm described in [12]. Inthe
PMF agorithm, the disparity gradient limit K is afree parameter, which can be varied
over range (0, 2). An intermediate value, e.g., between 0.5 and 1, allow selection of a
convenient trade-off point between allowabl e scene surfacejaggedness and disambiguat-
ing power because it turns out that most fal se matches produce relatively high disparity
gradients [14]. Again, as reported in [14], less than 10% of world surfaces viewed at
more than 26¢cm with 6.5cm of eye separation will present with disparity gradient larger
than 0.5. Thisjustifies use of adisparity gradient limit well below the theoretical value
(of 2) without imposing strong restrictions on the world surfaces that can be fused by
the stereo algorithm.

When the cameras are in general position, it is not reasonable to hope to define a
scalar disparity as a simple function of the image coordinates of two pixels in corre-
spondence [6]. In this work, we simply use avector d = [u/ — u,v’ — v]T, caled the
disparity vector. Thisisthe same asthe flow vector used in optical flow computation. If
ascalar valueisnecessary, weused = ||d|| and cal it the disparity. If welook at objects
that are smooth almost everywhere, both d and d should vary smoothly. Similar to (2),
for two points m; and m,, in the first image, we define the disparity gradient as

[[d2 —di]|
[m2 —my + (d2 —di)/2|
Imposing the gradient limit constraint DG < K, we have
[d2 — dif| < K|[mz —m; + (d2 — dy)/2] .

DG = @)

DG = (©)

Using inequality ||vy + val| < ||vi|| + ||v2]| for any vectors v; and v, we obtain
[d2 — di]| < K|lmy —my [ + KJ|(d2 — d1) /2]
which leads immediately, for K < 2, to
2K
d; —d4|| < ——=D 4

Idz = dul < 5—5 D, (4)
where D = ||mg — m; || isthe distance between m; and m,. Weimmediately have the
following result:

! For apair of pixelsin correspondence with coordinates (u, v) and (v, v"), the cyclopeanimage
pointisat ((u+u')/2, (v +v")/2)



Lemmal. Given a pair of matched points (m;, m}) and a point m in the neighbor-
hood of m, the corresponding point m/, that satisfies the disparity gradient constraint
with limit K must be inside a disk centered at m, + d; with radius equal to %D,
which we call the continuity disk.

In other words, in absence of other knowledge, the best prediction of the disparity of
m,, isequal to d; with the continuity disk defining its uncertainty.

We may want to favorite the actual disparity to be at the central part of the continuity
disk. We may also want to consider asmall probability that the actual disparity isoutside
of the continuity disk, dueto occlusion or surface discontinuity. We therefore model the
uncertainty as an isotropic Gaussian distribution with standard deviation equal to half
of the radius of the continuity disk. More precisely, given a pair of matched points
(m;, m}), the disparity of apoint m is modeled as

d=d; + D;n;, 5)

whered; = m) — m;, D; = ||m — m,||, and n; ~ N(0,021) witho; = K/(2 — K).
Note that disparity d; also has its own uncertainty due to limited image resolution.
The density distribution of d; is aso modeled in our work as a Gaussian, i.e., p(d;) =
N(d;|d;, Uil)- It follows that the density distribution of disparity d is given by

p(d|(m;, m}), m) = N(d|d;, (o7, + Djo})T). (6)

If we are given a set of point matches {(m;, m})|i = 1,... ,n}, wethen have n
independent predictions of disparity d as given by (6). The prior density distribution
of the disparity, p(d|m, B), can be obtained by combining these predictions with the
minimum variance estimator, i.e.,

p(d‘m,B) = N(d|a7U2I) ) (7

where

A more robust version isfirst to identify the Gaussian with smallest variance, and then
to combine it with those Gaussians whose means fall within two or three standard
deviations.

It remains the problem of choosing o;, which as mentioned earlier is related to the
disparity gradient limit K. In the PMF algorithm, K is set to a value between 0.5 and
1, which is equivalent to a value between 1/3 and 1/2 for our ¢;. Considering that the
disparity gradient constraint is still alocal one, it should become less restrictive when
the point being considered is away from a matched point. Hence, we specify a range
[Gmins Omax], @d o; isgiven by

0 = (Omax — Omin) (1 — exp(—Df/T2)) + Omin - (8)
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thetransition from o i, 10 omax IS eXxpected. In our implementation, o, = 0.3 pixels,
omax = 1.0 pixel, and 7 = 30. Thisis equivalent to K,,;, = 0.52 and K, = 1.34.
Figure 2 displays how o; varies with respect to the distance D;. From many images we
have tried, this strategy works well.

3.2 Computation of the Disparity Likelihood

We now proceed to compute the sampling distribution p(I’|d, m, B), or the likelihood
of the observed data (i.e., the second image I’) given d, m and B.

Because of the epipolar constraint, we do not need to compute the density for each
pixel in I’. Furthermore, we do not even need to compute the density for each pixel on
the epipolar line of m because of the prior density computed in (7). The list of pixels
of interest, called the candidate pixels and denoted by Q(m), is the intersection of the
epipolar line of m with the continuity disk defined in Lemma 1.

The densities are related to the correlation scores C; between m in the first image
and each candidate pixel m’; € Q(m) inthe second image. Instead of using the standard
correlation technique based on two rectangular windows, we have developed anew one
which is well adapted for two images in general position. We defer its presentation to
Section 4. For the moment, it sufficesto say that the correlation score C' is between —1
(when they are not similar at all) and +1 (when they are identical). Finally, correlation
scores are mapped to densities by adding 1 followed by anormalization. More precisely,
the correlation score C'; of a pixel m; is converted into adensity as

. Ci+1
p(I'(m’)|dY), m, B) = J , 9)
(1 () ) 2 keQm)(Cr +1)

where d() = m’j —m.

3.3 Inference From the Posterior Density

The posterior density distribution p(d|I’,m,B) is simply multiplication of
p(I'(m})|d9), m, B) in (9) with p(d?)|m, B) in (7) for each candidate pixel m.
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Basedon p(d|I’, m, B), wecan do anumber of things. If thereisonly one prominent
peak, the probability that this is a correct match is very high, and we thus make the
decision and label the pixel in the first image MATCHED. If there are two or more
prominent peak, the matching ambiguity ishigh, i.e., the probability of making awrong
decisionishigh. Following theleast commitment principle, weleave thispixel to evolve.
If there is no prominent peak at all, the probability that the corresponding point in the
second image is not visibleis very high (either occluded by others or out of the field of
view), and we label the pixel in the first image NOVATCH.

In order to facilitate the task of choosing an appropriate threshold on the posterior
density distribution, and since anyway we are working with the unnormalized posterior
density distribution, we normalize the prior and likelihood functions differently. The
prior in (7) is multiplied by o+/27 so that the maximum is equal to one. The likelihood
in (9) is changed to (C; + 1)/2 so that it is equal to 1 for identical pixels and O for
completely different pixels. A peak in the posterior density distribution is considered as
aprominent one if its value is larger than 0.3, which corresponds to, e.g., the situation
where C'; = 0.866 and the disparity isat 1.50.

4 A New Correlation Technique

The correlation technique described in this section is designed for stereo cameras in
general position.

Consider a pair of points m and m’ as shown in Fig. 3, where the corresponding
epipolar lines! and !’ are also drawn. We can easily compute a Euclidean transformation

m; =R(0)(m; —m) +m, (10)

where R.(0) isa 2D rotation matrix with rotation angle equal to 4, the angle between the
two epipolar lines. It sends m to m’ and apoint on/ to apoint on/’.

Choosearectangular window centered at m with onesideparallel totheepipolar line.
A point m; correspondsto apoint m; given by (10). Point m;, isusually not on the pixel
grid, anditsintensity iscomputed through bilinear interpol ation fromitsfour neighboring
pixels. Correlation score isthen computed between points m; in the correlation window
and points m/ according to (10). We use the normalized cross correlation [6] which is
equal to 1 for two identical sets of pixelsand -1 for two completely different sets.

If two epipolar lines are both horizontal or vertical, the new technique will be equiv-
alent to the standard one.

An even more el aborate way to compute the correlation isto weight differently each
point: Pixels in the central part have more weights than those near the border. In our

Fig. 3. Thenew correlationtech-
nique for stereo camerasin gen-
era position.
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Table 1. Number of matched pixelsin each iteration

iteration 0 1 2 3 4 5 6

T,, 7 6 5 4 3 2
T,, 2 14 16 18 20 20

Books 141 455 712 939 1239 1440 1500
NMars 153 421 1249 2036 2360 2651 2741

-

il

Fig. 4. Scene Books: Initia point matches indicated by the disparity vectors together with the
Delaunay triangulation in the first image.

implementation, the size of correlation window is 11 pixels along the epipolar line and
9 pixelsin the other direction. The pixels are weighted by a 2D Gaussian with standard
deviation equal to 11 pixels along the epipolar line and 9 pixelsin the other direction.

5 Experimental Results

We have conducted experimentswith several setsof real data, and very promising results
have been obtained. In this section, we report two of them: one is an office scene with
books, called Scene Books (see Fig. 4); another is a scene with rocks from INRIA,
call Scene N\Var s (see Fig. 9). Although the images in Scene Books are color, only
black/white information is used. The image resolution is 740 x 480 for Scene Books,
and 512 x 512 for Scene NMVar s.

To reduce computation cost, instead of using all previously found matches in pre-
dicting disparities and their uncertainties, we only use three neighboring points defined
by the Delaunay triangulation [17]. The dynamic Delaunay triangulation algorithm de-
scribed in [4] is used because of its efficiency in updating the triangulation when more
point matches are available. It is reasonable to use only three neighboring points be-
cause other points are usually much farther away, resulting in alarger uncertainty inits
predicted disparity, hence contributing little to the combined prediction of the disparity
givenin (7).

Theinitial set of point matches, together with the fundamental matrix, were obtained
automatically using the robust image matching technique described in [23]. All param-



(b)

Fig. 5. Scene Books: Results with the initial point matches. (a) Delaunay triangulation and the
predicted disparity vectors; (b) Predicted deviation of the disparity vectors.

(b)

Fig. 6. Scene Books: Results after the second iteration. (a) Delaunay triangulation and the pre-
dicted disparity vectors; (b) Predicted deviation of the disparity vectors.

(b)

Fig. 7. SceneBooks: Results after the sixth iteration. (a) Delaunay triangul ation and the predicted
disparity vectors; (b) Predicted deviation of the disparity vectors.
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Fig. 9. Scene NMar s: Initial point matches indicated by the disparity vectors together with the
Delaunay triangulation in the first image.

eters are the same for both data sets. The search range was [—60, 60] (pixels) for both
horizontal and vertical directions.

All parametersinour algorithm arethe samefor both datasets. I n particular, theval ues
of functions ThresholdS gmal ntensity and ThresholdSigmaDisparity with respect to the
iteration number are given in the second and third rows of Table 1. For example, for
iteration 4, T,,, = 4 and T,,, = 18. In Table 1, we also provide the number of matches
after each iteration. The number of matchesfor iteration O indicates the number of initial
matches found by the robust matching algorithm. Note that instead of working on each
pixel, we actually consider only one every four pixels because of the memory limitation
in our Delaunay triangulation algorithm.

The initial set of point matches for Scene Books is shown in Fig.4. Based on
these, the disparity and its uncertainty were predicted, which are shownin Fig. 5. Onthe
|eft, the disparity vectors are displayed for every 10 pixels and their lengths are half of
their actual magnitudes. On the right, the standard deviation of the predicted disparities



Fig. 10. Scene NVar s: Results with the initial point matches. (left) Delaunay triangulation and
the predicted disparity vectors; (right) Predicted deviation of the disparity vectors.
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Fig. 11. Scene NMar s: Results after the third iteration.
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Fig. 12. Scene NMVar s: Results after the sixth iteration.
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Fig. 13. Scene NVar s: Views of the 3D reconstruction with texture mapped from the 1st image.

is shown in gray levels after having multiplied by 5 and truncated at 255. Therefore,
“black” pixelsin that image mean that the predicted disparities are quite reliable, while
“white” pixelsimpliesthat the predicted disparities are very uncertain. Theintermediate
results after iteration 2, and 6 are shown in Fig. 6, and Fig. 7. We can observe clearly the
fast evolution of the matching result. The uncertainty image becomes darker quickly. As
we know the intrinsic parameters of the camera with which the images were taken, 3D
Euclidean reconstruction can be obtained, two views of which are shown in Fig. 8. We
can see that the book structure has been precisely recovered.

Similar results have been obtained with Scene NMar s. As can be observed from
Fig. 9, the lower part of the scene cannot be matched because the disparity islarger than
the prefixed range (plus/minus a quarter of the image width). The predicted disparity
vectors and their uncertainty computed from the initial set of matches are shown in
Fig. 10, while those after iteration 6 are shown Fig. 12. It is clear that our progressive
stereo algorithm is capable of finding matches with large disparity, the lower part of
the scene in our case, even if the initial search range is large enough. 3D Euclidean
reconstruction was also computed, two views of which are shown in Fig. 13.

6 Conclusions

In this paper, we have proposed a progressive scheme for stereo matching. It startswith
afew reliable point matches obtained either manually from user input or automatically
with feature-based stereo matching. It thentriesto find progressively more pixel matches
based on two fundamental concepts: disparity gradient limit principle and least commit-
ment strategy. Experimental results have proven the robustness of our proposed dense
stereo matching approach.

We have a'so cast the disparity estimation in the framework of Bayesian inference,
and have developed a new correlation technique well adapted for cameras in general
position.

Thereareanumber of waysto extend the current algorithm. For example, the current
implementation only estimate disparities with pixel precision. One of our future work
consists in produce disparities with subpixel precision. We will also investigate in an
even more efficient implementation.
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