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ABSTRACT

This paper presents a new algorithm of disparity map
segmentation in planar facds. Originalities of this
method lies in the process of dense disparity map
estimation, using the dynamic programming subjed to
interest points previoudly extraded. The segmentation
of this map uses the normal vector at ead pixel surface
The matching of pixels between the two images by
dynamic programming provides us with a scatered
disparity map. So the densificaion of this map is
achieved by matching contour points extraded between
the two avail able images. Experiments with red images
have validated our method and have dealy shown the
improvement over the eisting methods. The dense
disparity map oltained is reliable when compared to
clasdcd methods. We dso get a normal vedor map
segmented in contours and in homogeneous regions
refleding 3D planar facds.

INTRODUCTION

One of the main reseach field in computer vision isthe
matching of stereoscopic images. This matching enables
the building yp o a 3D surface of the scene. This
matching step consisting in identifying the homologous
pointsin the two pictures constitutes the key point of the
stereo-reconstitution, but presents a difficult problem.
Indeed, the geometric properties of the picture vary, one
from the other because of geometric distortions;
moreover objeds visibility is often dfferent in the two
images. The presence of noise or a variation of lighting
conditi ons can also transform the photometric properties
of the different pictures.

In order to solve these problems, we have developed a
new algorithm of matching, subjed to interest points.
The interest points have properties and particular
feaures (points of Moravec [5], edge points, corners,
junctions, etc). There ae numerous algorithms to match
such interest points between views. Among these well
known algorithm we can mention the rrelation
technique, methods of optimization, and the dynamic
programming [8,11].

In this paper, our focus here is on a @uple of redified
images, obtained from a fixed pdyhedral scene.
Paragraph 2 describes briefly the arrelation-based
technique and the dynamic programming method. In
paragraph 3, the man improvement and process

asciated with the utili zation of the dynamic program-
ming are introduced. Paragraph 3-3 suggests a
densification technique in order to improve the disparity
map. The segmentation of this disparity map is
investigated in paragraph 4. Finally, paragraph 5 shows
the eperimental results obtained by the method
suggested; in addition to a comparison between this
method and the arrelation technique.

2. MATCHING METHODS

2-1 Correlation-Based M ethod

The techniqgue of matching points by correlation is
described as follow: If we look for the crrespondent of
apoint p; of the picture 1 (figure 1), we first of all start
by a defining a reseach zone in picture 2. We use a
fixed window of correlation F; in picture 1, centered in
point p;. We dso use adlippery window F, in picture 2
that browses the research zone. For ead F, pasition, a
correlation value is cdculated between F; and F,. The
cdculated vaues on the reseach zone defines a
correlation surface associated to pant p,. The dosen
point is the one having the biggest correlation value if
the measure of this correlation corresponds to a measure
of similarity; otherwise we use the smallest value in the
case of adissmilarity measure.

If we wish to get a dense matching, this processwill be
applied to all pointsof image 1.
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Figurel. Reseach of a mrrespondenceby correlation
2-2 Dynamic Programming

This technique is particularly adapted to problems of
optimization subjed to constraints. The dynamic prog-
ramming uses the locd assciations of fedures to
condition the global optimizaion reseach. The
principal idea of this technique is to minimize a ost
function in a bidimensional graph. The reseach of
corresponding points is done subjed to conjugated
epipdar lines. Order constraints and dsparity domain



enable the reduction of possble paths and alow the
intracline onsistency [2]. The alvantage of this
technique is that it alows the subdivision of the
problem of matching in to a set of under-problems
(restriction to couples of epipdar lines). Each urder-
problem can be solved globally, thus avoiding error
propagation problems on the same line. The principal
problem of this approach consists in the choice of the
cost function and aso in saving the inter-line
consistency.

3. PROPOSED MATCHING APPROACH
3-1 General Gait

Our objedive is to improve the dynamic programming
technique [8] by integrating a phase of point feature
detedion (interest points and edge points). Our
algorithm is divided in two steps: The first step consists
in extrading interest points by the detecor of Harris and
Stepheng[5] then in matching them by a bi-diredional
correlation technique including a step of relaxation in
order to eliminate the &errant matching points [10].
This technique provides a sparse disparity map. Au
send step is introduced for densification of disparity
map by using the alge paints.

3-2 Constrained Dynamic Programming

After extrading and matching interest points [5][10],
we @n match two conjugated epipolar lines Dy and Dy
globally (seefigure 2). For that, we have aranged the
signals on the left and the right epipdar lines in two
array axis.
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Figure 2. dynamic programming constrained by
interest points.

We have ssociated a ost function to this array. For
eah element of the aray a potential matching is
alowed with a st value. The god is to find the
optimal path between points A and D. The introduction
of interest points permits to constrain the optimal path
by restricting research zone. This path is constrained to
contain points B and C representing the wuples of
homologous interest points (bg,bg) and (cy,cg). Assuming
that the order constraint is verified, the homologous
points of points between ¢y and d; are located between

points ¢q and d; (and vice versa). This ssheme defines
two forbidden zones. Zone 3 permits to avoid the
matching the points of Jcy,dy[ interval with the ]ag,cy
points . Zone 4 permits to avoid matching the points of
Jcg.dg[ interval with the Jagcy[ points. Therefore, all
horizontal, verticd or diagonal displacement that can
browse aforbidden zone is excluded. This restriction
permits a best constrained matching of epipolar lines
with areduced execution time.

3-3 Densification Of The Disparity Map

The interest points extradion method dces not provide
interest points on al epipodar line. Therefore the
disparity map oltained by the dynamic programming
method constrained by interest points (matching
epipolar lines that contain interest points) remains a
scatered map. For a disparity map densificaion, H.
Maitre [6], proposed to approximate the disparity map
on ead region by the model z=ax+by+c. The main
difficulty of his approach is the impredsion of the
segmentation. Each pixel affected to an incorred region
seems to distort the parameters estimation. To remedy
this problem, an approach based on four steps for the
model estimation has been propased [4]. This technique
remains always biased by the segmentation tedhnique.
For this reason we ae interested to edges points, often
corresponding to the physicd discontinuities of the
scene.

3-3-1 Matching Of Edge Points

In our experiments, the elge points are obtained by
applying the anny filter [3]. These points are then
matched by bi-dirediona correlation, followed by a
relaxation step to eliminate the false matching [10]. The
obtained homologous points permit to constrain
dynamic programming correspondence on the epipolar
lines that do not contain interest points. For the goipolar
lines that contain neither interest points nor edge poaints,
the disparity is cdculated by unconstrained dynamic
programming method [8].

4. SEGMENTATION IN PLANAR
FACETS

We have segmented the obtained dsparity map in
regions that present 3D planar facds. We have used the
normal vedor to distinguish two adjacent facds in the
same polyhedral objed. The origindity of our methodis
based on the estimation of the norma in eech pixel.
Here, we have presented equations of the normal vedor
in eadt pixel in the cdibrated case (intrinsic parameters
are known) and in the uncdibrated one (intrinsic
parameters are not known). In the two cases the stereo
system is suppased to beredified [9].

4-1 Equation Of The Normal In A Calibrated Case

A 3D facet can be represented by the equation:
ax+tby+cz=d (1)

The normal vedor N in each point P of the facd is

expressed as:
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By using the projedion equation of a perspedive
projedion model and the relation between the depth and

thedisparity:  0=f [B/z (3)
f: thefocd, B: the baseline, z: the depth.
. 1
we @n show that : MUDQCSQ
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(u,v) : are the picture wordinatesin the amerarepere.
4-2 Equation Of The Normal In Uncalibrated Case

To cdculate the wordinates N, and Ny, the amera
needs to be cdibrated. Yet, we @n work with the
uncdibrated camera. To solve this problem, we have
worked out the eguation (1) in a 3D space cdled space
disparity space(equation (5)).

We can show that the new 3D facd equationis:

Axp+EYp+C6:D

©)
with A:i’E:l,C:—i
Fy Fy Bf
and p = &Xe bY ¢ c
Fy Fy
and Xp, Y, : the image wordinates in the pixel repere

and X, Y, Ky, Fy, f: aretheintrinsic parameters.
Coordinates of the normal vedor N can be expressed as
foll owed :
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4-3 Segmentation Of The Disparity Map

We have used two algorithms for planar facds
segmentation : the first algorithm achieves a dired
segmentation of the disparity map in homogeneous
regions in terms of a brightness affine model related to
the euation (5). This provides one region by planar
facd. For this gmentation we use the dgorithm of
Victor Nzomgni [7]. In the seomnd algorithm
segmentation, the normal vedor map is caculated from
the disparity map, then segmented in uniform regions by
alevel curve dgorithm.

5. EXPERIMENTAL RESULTS

We have processed 2 couples of palyhedral stereoscopic
images (Fig. 3a, 3b, 4a ad 4b). The disparity maps
obtained from the proposed method are presented in
figures 3c and 4c. The disparity map oktained from our

AAECT (6

method (fig. 3c) is better than the disparity map
obtained from correlation matching [1] (fig. 3d). The
segmentation maps based on a normal vedor computing
(fig. 3f and 4e) provides the true different contours of
3D facds. The results of segmentation can show
different facets 3D in the scene, two facds appea in
"BOX" image and four facdsin "BD" image. We have
also tested these methods on a cmplex image (images
of treein fig. 5a and 5b). The disparity map (fig. 5d)
obtained from the propcsed method is better than the
one obtained from the crrelation technique (fig. 5c).
We can here note that the step of differentiation is
sensitive to noise.

6. CONCLUSIONS

In this paper, We have presented a segmentation method
of stereoscopic images in planar facds based on a
disparity map estimation which isimproved by both the
introduction of interest points and a normal vedors. The
results presented have shown the relevance of our
approach. Yet, to completely validate the dgorithm, a
3D remnstruction is needed.
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Figure 3. a) leftimage of BD, b) right image of BD, ¢) propcsed method dense disparity map, d) disparity map
by correlation, €) V. Nzomigni segmentation, f) based normal edge segmentation.
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Figure4. a) leftimage of box, b) right image of box, ¢) proposed dsparity map, d) V. Nzomigni segmentation,
€) edge segmentation using normal vedor

Figureb5. a) leftimage of tree b) right image of tree, c) correlation disparity map,
d) based dynamic programming disparity map



