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Abstract

A lot of methods have been proposed in the field of stereo-reconstruction. We address here the
problem of model-based tridimensional reconstruction from an already segmented and matched stereo
pair. This work is a continuation of the work presented in [13] and [14], concerning the reconstruction
problem. We study here a method based on Markov random fields, which allows the a priori segmen-
tation and matching to be refined during the reconstruction of the 3D surfaces. A new segmentation
and matching is then produced which respects the 3D coherence (or equivalently the disparity coher-
ence) of each segmented region-pair. In this first approach, we use simple segmentation energies for
each image (without line processes), plus a coupling term between the left and right images, associating
planes (as surface primitives) with each region pair. This is the justification for using coupled Markov
random fields. We present results on synthetic and real images. These preliminary results allow us

to assess the feasability of a hierarchical stereo reconstruction method with no a priori segmentation
and matching.

Keywords :
Image analysis, computer vision, 3D stereo-reconstruction, model-based stereo, markov random fields.

Résumé

Notre probléme est ici d’étudier la reconstuction tridimensionnelle fondée sur un modéle d¢ partir d’une
paire stéréo déjd segmentée et mise en correspondance. Ce travail fait suite 4 une méthode présentée dans
[13] et [14], & propos du probléme de reconstruction stéréo. Nous étudions ici une méthode fondée sur des
champs Markoviens, ce qui noys permet de remetire en question la segmentation et le matching a priori,
au cours du processus de reconstruction des surfaces 3D. Une nouvelle segmentation et une nouvelle mise
en correspondance sont ainst produites, respectant la cohérence 3D (ou de fagon équivalente la cohérence
des disparités) de chaque paire de régian segmentée. Dans cette premiére approche, nous employons des
énergies de segmentation simples pour chaque image (sans processus de ligne) plus un terme de couplage
entre les images gauche et droite, en associant des plans (comme primitives de surfaces) ¢ chaque paire
de régions. C’est de la que vient la notion de couplage de deuz champs de Markov. Nous présentons
des résultats sur des images de synthése, puis sur des images réelles. Ces résultats préliminaires nous
permettent de conclure sur la faisabilité d’une méthode hiérarchigue de reconstruction stéréo sans l’aide
d’une segmentation et d’une mise en correspondance a priori.



1 INTRODUCTION

In the field of stereo reconstruction, the model-based approach has been largely recognized as useful to
obtain dense disparity maps, or reconstructed surfaces. Our purpose is to reconstruct tridimensional sur-
faces (in a first approach, planar facets) from a segmented and matched stereo pair. Our preceeding work
on this topic ([22], [13], [14]), leads us to the conclusion that reconsideration of the a priori segmentation
and matching is necessary in order to improve the 3D reconstruction results.

Supposing that we have already segmented and matched a stereo pair, we search for a plane associated
with each pair of matched regions (see figure 1). The information about the reconstructed facets permits
us to reconsider the initial classification of image pixels. The new segmentations then produced suggest
new 3D facets, and so on. It could thus be considered as an iterative process, i.e. more simply as a pair
of parameterized coupled Markov Random Fields, as we will see later.
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Figure 1: Planar facet reconstruction

The isolated problem of stereo reconstruction using surface models was already studied, mostly in the
case of plane models. The approaches used are of two types :

¢ using a disparity map (on zero crossings, or contours, for example), and fitting surface models to
it, see for example [24],

o directly using surface models to compute dense disparity maps ; see [17, 22, 19].

In the first approach, surface models other than planar facets have been used, while in the second
approach the methods were developed only in the case of planar surfaces. In this latter approach, indeed,
an explicit transformation between the left and right images is needed. This transformation is used either
in a matching criterion (as in [17]) or directly in a reconstruction criterion to be minimized, as in [22],
where it is approximated, or as in [19], where it is used in an energy function in a Markov Random Field.
The use of Markov Random Field (MRF) in stereovision is not new, and recently several important
methods have been advanced to hypothesize dense disparity maps, and use surface models, or disparity
uniformity criteria. We can distinguish here also two main methods : reconstruction of one disparity
map considered itself as a MRF (for example [3, 5]), or more rarely, the use of a coupled MREF, one for
each image of the stereo pair {19, 4] ; in this case, the dense disparity map is implicitly obtained with the
reconstructed surface patches. ‘ ' -
~ We preferred the second approach, which is to couple two MRFs, because :

o the notion of neighborhood is not so obvious for a disparity map ; sometimes, the reconstructed 3D
points corresponding to those of the disparity map can be very sparse, even in continuous areas ;
we prefer to maintain the classical image segmentation neighborhood system,

¢ we can take into account non-matched regions or occlusion areas in the two images, which is not
possible with a disparity map,
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o it relates more naturally to the image segmentation schemes ; indeed we can segment areas of one
of the two images, which are not matched or reconstructed.

In this paper, we present a method to hypothesize planar facets, starting from an initial segmentation
and matching (as in figure 2). We currently use a region growing segmentation and a matching technique
proposed in [23, 18]. We suppose that we know the calibration of the two cameras, i.e. the relative
rotation and translation, and the internal parameters (focal lenght, center of projection) of each camera.
Our problem is thus : knowing the two projections (i.e. a. pair of matched regions) of an unknown
3D facet, search its 3D supporting plane, and improve the segmentation and matching according to the
criterion of 3D coherence.

Figure 2: Original 256*256 synthetized color stereo pair (red channel) and matched pair

2 COUPLED MARKOV RANDOM FIELDS

In a lot of early vision applications, Markov Random Field have provided an interesting theoretical
frame, furnishing very efficient methods for a large variety of applications. The common hypothesis of
these approaches is that we consider the observations as sufficiently noisy or incomplete that it is not
possible, based on them alone, to determine the solution in a unique way (ill-posed problem). Given a
probabilistic model for the observations, prior knowledge about the solution is encoded by supposing that
some functions (for example the smooth ones) are more likely to occur than others, within the space of
all possible ones.

We will here briefly describe the MRF approach ; a more extensive discussion is given, for example,
in [7] or in [15]. -

2.1 Markov Random Field approach

Let Lab = {Lab,} be an image, defined on a finite lattice of sites (or pixels) : @ = {s = (4,5);: < 1,5 <
M}. Let N(s) be the neighborhood of site s. The image is considered as a Markov Random Field relative
to the neighborhood set {N(s)} ,eq if it verifies :

P(Lab,|Lab,,r €  — {s}) = P(Lab,|Lab,,r» € N(s) — {s})



It means that the conditional distribution of the value of a pixel s depends only on the values of its
neighborhood pixels.

Another important characteristic comes from the Hammersley-Clifford theorem, which gives the equi-
valence of such a random field with a Gibbs distribution :

where U(Lab) is an energy function : U(Lab) = 3_,.c Vi(Lab). Here, Cis the set of cliques corresponding
to the neighborhood set N(s) (see figure 3), and V;(Labd) is a potential function expressing the local
constraints on the image (for example smoothness constraints). V;(Lab) depends only on the values
Lab,,s € . T and Zr are constants : T is the temperature, and Zr is a normalization constant, called
the partition function (Pr(Lab) is a probability). :

First order neighborhood Associated cliques

Figure 3; First order neighborhood system

2.2 MAP estimation

Using Bayes’ rule, the conditional probabijlity of obtaining an image Lab from a given set of data I,

P(Lab|I), may be written :
P(I|Lab)P(Lab)

P(I)
where P(I|Lab) is the data term and P(Lab) is the prior probability. Since P(I) is fixed :

P(Lab|I) =

P(Lab|I) < P(I|Lab)P(Lab)

The most common method to estimate I is to maximize the a posteriori probability, i.e. to minimize
the corresponding energy function :

' U(I|Lab) + U(Lab).

U(Lab) is the preceding a priori energy of an image, and U(I|Lab) enforces coherence with the data. A
simple (but slow) method to do the minimization is simulated annealing, which decreases the temperature
T while using for example the Gibbs sampler ; for more details see [7].

2.3 Coupling MRF

The notion of coupled MRF has appeared in such applications as data fusion [1] and motion analysis [9].
The common idea of these applications is that several interacting MRFs are simultaneously minimized.
This approach is not theoretically different from the general one, as defined before. Indeed, coupled
MRFs are equivalent to a unique one, but with extra variables and modified neighborhoods.

In our application, we have constructed two classical segmentation MRFs, one for each image, plus an
interaction between matched pixels. This system is equivalent to a MRF on the union of the two images,
with an extended neighborhood, allowing interactions between the two images, see figure 4.

Notice that we have also to consider some special border effects where the neighborhood is not
complete, that is :

o when the pixels have no extended correspondent : complete first order neighborhood, but with no
correspondant on the other image (we will see that it is the case of non-matched pixels in a stereo

pair),

<

o



-

-

R

2

-

= 2N x N lattice

eft

Figure 4: Extended neighborhood : for our application, the nonlocal correspondance is the parameterized
pixels transformation described in the figure 5

o at the limits of the two images (incomplete first order neighborhood, with or without correspondant
on the other image).

We thus minimize an energy function wich can be decomposed into three terms :

U(Labpege, LabrignelILese, Inigne) = Useg(LabpegellLest) + Useg(Labrigne|IRighe)
+Ucoupt (Labreye, Labrighe!Ire sty Iright)

In the next sections, we will describe these terms in detail.

3 ENERGY EXPRESSIONS

3.1 Image energies : Ug,

For simplicity, we choose the simplest form of segmentation energy, which is based on the first order

neighborhood (see figure 3). Of course we could use line processes which are sometimes very efficient

(see [6]), but we preferred in a first approach to have the least possible number of terms and variables.

Indeed, the choice (or estimation) of the relative weights of the different terms is itself a difficult problem.
Useg is thus a combination of two terms : coherence to the data and smoothness constraint.

1
Uses(Labll) = 5—— Y (L~ pra)*+ Y. ([Lab, - Lab,]

Lab seq {s,t}ec(®)

Lab is the associated image of labels, up,p, is the mean of the region of the image having Lab, as label.
OLap is the variance tolerated on uniform regions, it is a constant on the whole image. C () is the set of
first order cliques on the image I (4-neighborhood) ; see figure 3. ¢ represents the function :

c@=-{9 4, ==

else

The o1, parameter is used also to measure the relative importance of the smoothness terms.
For color images, the coherence to the data term is the mean value of the terms corresponding to each
channel ; the smoothness term remains the same.

3.2 Coupling energy : Ucoup

The coupling energy is based on a parameterized transformation between left and right images, so this
energy measures the dissimilarity within the region pairs. Indeed, for each 3D plane, we can define a
continuous transformation between left and right images points, stating they are the projection of a given
3D point of the reconstructed plane ; see [13, 14].

Left-Right and Right-Left transformations, or parameterized inter-image neighbour



We call T r the transformation which maps pixels of the left image onto the right image. The inverse
transformation, from right to left, is called Try, We assoc1a.te with each possxble plane a transformation
Ty r and a transformation Try, (see figyre 5).

Figure 5: Transformations associated with each 3D plane

We adopt the polar representation of a 3D plane, ie. : 1\7 X = D, where D is the distance
of the plane to the origin of the 3D coordinate frame and N is the unit normal to the plane. If
we use the spherical representation of N these two transformations (continuous in image coordinates,

or sampled on pixels) are parameterjzed by 6,4 and D : ¥ ::Ez; :::((:Z))

- sin(¢)

(iR$jR) = TLR(iszbna’ ¢, D)
(iz,jr) = Tre(ir, R, 6, ¢, D)

Here (iz,jr) is a pixel of the left image and (ig, jr) of the right image. Of course, the transforma-
tion depends also on the calibration parameters of the stereo couple. We’ll suppose we obtained these
parameters beforehand, using calibration techniques.

With the help of this transformation hetween images, it is straightforward to define the terms of the
coupling energy, based upon the matched regions. We propose several terms, computed on labelled or
grey levels images.

Overlapping term

We consider that the true 3D facet must exactly project on the two matched regions. This term is
thus fully efficient only in the case of non-hidden parts. For each facet, with parameters (6, ¢, D) and
associated with two matched regions, Ay and Ag in the left and right images, the overlapping term is :

Uiap = Z ¢ (Labg(ir, jr) ~ Labr(Trr(ir, jL, 6, ¢, D))]
(‘.an.L)EAL

+ Z ( [LabR(iR'jR) - LabL(TRL (iRv ij 9) ¢’ D))]
(ir,JR)EAR '

Laby, and Labg represent the two labelled images of the pair (matched regions have identical labels on the
two images). This term is zero, the minimum value, when all the pixels of the left region are transformed
by T r into pixels of the right region, and conversely using Trr. Ul.p is a measure of the overlap of the
two regions.

[
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Grey level term

Other approaches, partlcularly [19], use grey level criteria. More generally, it is widely recognized
that the use of color information in stereovision improves efficiency [10, 8, 11, 20, 21, 16, 12]. We thus
propose a grey level term, for black and white images, or for each channel of a color image (coded in
RVB, for example). For a facet, corresponding to the two regions Ay and Ag, it is be written as :

Upey= 9. Waliz,jz) - Ir(Ter(is, iz, 6, ¢, D))’
(ip,JL)€EAL
+ Z [IR(in,jR)—IL(TRL(iR,jR,9.¢,D))]2
(¢n.JR)EAR

I, and IR are the grey level images, or one of the three channels of a color image. In this latter case
the color criterion is the sum of the three grey level criteria ; we logically suppose that these criteria are
equally important for each channel.

This criterion tends to match the pixeJs of the regions more precisely than the overlapping term,
because it is minimal when the 'transfonﬁapions Tir and Ty, map into pixels with identical grey levels. In
this way, it is more precise than the overlapping criterion. But this criterion is more fragile (especially on
noisy images) than the overlapping criterion and is exact only in the case of lambertian facets. However, it
is well known that in real cases this lambertian assumption is generally valid, except for strongly specular
facets.

Notice also that these criteria are more discriminating when the grey levels of the regions are not
uniform. In the case of uniform regions, it is has the same effect as an overlapping criterion. On the
other hand, this pixel to pixel matching criteria allows to handle hidden portions.

Contour term

We have proposed label and grey levels terms, which correspond to a region-based approach to stereo
matching. It is also well known that contours provide useful information. We thus propose to include a
criterion based upon the image contours, whose expression for a facet is :

Ucontou.rs = Z < [ContL(iLy jL) - COTItR(TLR(iL, ij 9; ¢a D))]
(i, JL)EAL

+ Y, ([Contr(in,jr) — Contr(Trw(ir, jr,6: ¢, D))l
(3R\JR)EAR

Contr, and Contg are contour images associated with left and right images. They are computed on-line
from the Label images. This criterion tends to map contour pixels of the left image onto contour pixels
of the right image. Like the grey level criterion, it is more precise than the overlapping criterion, and
allows us to handle hidden parts in most cases.

Coupling energy

The coupling energy, for one pair of matched regions, is parametenzed by 6, ¢ and D, and is computed
as follows :

UCoupl(et é, D) = Wigh * Ulah + Wyrey * Ugrey + :wconto'ura * Ucontours (1)

The choice of the weights is problematic. We propose weights whereby the different contributions are
almost equally important ;

Wigh = Weontours = 1 .
1 - 1

Werey v 2(0% + 0%)

N is the number of channels (3 for color images) ; o and-o% are variances of grey levels on a left and
right regions, and are parameters which must be chosen. The grey level term becomes very large when



we are sure that grey levels don’t correspond to the same region; the contribution of a pair of matched
pixels in the Cyrey term stays between 0 and 1 if they could belong to the same region ; see [4] for a
mathematical justification. '

This function is computed by scanning the two images and is computationally expensive. In a min-
imization process, it must be computed for many various values of 6,4 and D. We proposed several
ctiteria (see [14]) which avoid a complete computation of the function Ucoupi(6, ¢, D) for some values of
6, ¢ and D, to which we assign an arbitrarily high value to Ucoupi (6, ¢, D).

3.3 Global energy

The complete energy expression is thus :

U(Labgest, Labrigne|ILest, Ipignt) = Useg(Labrest|ILest) + Useg(Labrighe | IRight)
+a Ucoupt{Labrege, Labrighe|ILest, IRight)

Ucoupi(Labrese, Labrignt|ILe ¢+ IRight) is the sum over all the pairs (AL, AR) of the coupling terms we
have just defined. The parameter a is very important because it controls the relative inportance of the
2D segmentation term and the 3D coherence term.

4 METHODOLOGY

We wish to minimize the preceeding energy expression, with respect to the labels associated which the two
images of the stereo pair but also with respect to the triplet (6, ¢, D) of parameters defining the planes
associated with each label (present in the labelled images). Moreover, we have to choose a, balancing
the segmentation and the coupling terms, and the other constants : 02, a% for the coupling term, and
oLap for the segmentation term.

In such approaches, where we have to minimize arrays and select parameters, a common solution is
to use recursively a classical MRF optimization technique, followed by parameter estimation (sometimes
called meta-optimization). :

4.1 Label minimization

We choose the simple simulated annealing method. But considering that we have an initial guess of good
quality, thus being near the global minimum, we use simulated annealing with a low initial temperature.
Thus is equivalent to a low initial acceptance rate (Aragon temperature initialization method).

4.2 Facet minimization

The second step of the minimization process is the minimization of the coupling term with respect to the
parameters of the planes. In order to reduce the computing time we do a separate minimization for each
facet. Indeed, the minimization of the coupling term is separable with respect to the triplets (6, ¢, D)
associated with each match of the stereo pair. And, in that case, we do not need to scan the whole image
to compute the coupling term associated with each match. Scanning the circumscribing rectangle of the
regions is sufficient. Thus, for each match of the stereo pair, we search for an associated plane, which is
the supporting plane of the reconstructed 3D facet. Left and right regions on the images are projections
of this facet. ' ' ]

The principal problem of minimizing such functions is to avoid local minima ; indeed it is evident
that the preceeding functionals have irregular forms, especially in their sampled versions. In order to
reduce the computation time, we p;ogressively compute the minimum with the help of approximations of
the reconstruction function, using a coarse-to-fine approach ; see [13, 14]. These functions are computed
on a larger grid, i.e., we make N divisions in x and y of the circumscribing rectangle of the regions, and
compute the reconstruction function using the nodes of this new grid as “big” pixels. The minimum of
these functions are near the minimum of the full-scale reconstruction function, but their computation is
quicker. We use simple gradient descent to minimize these functions, using the minimum of one function
as initial estimation for the higher scale function, until we reach full scale resolution.
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5 RESULTS

i

First reconstruction, only with coupling energy : perspective view - upper view - right view

B2 G
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i
Final reconstruction, with both energies : perspective view - upper view - right view
Figure 6: Reconstruction results on the simulated data
e -
‘ (8
5 1
Figure 7: Segmentation and matching results on the simulated data. Final segmentation and matching,
after minimization process.
-
We first tested our algorithms on synthetic data. We present comparative results, with the “static”
method, of minimization of only the coupling term, described in [13, 14]. Figure 6 shows the reconstruction
results of this method on a synthetized office scene (generated with the INRIA-SOGITEC modeler [2]).
1 Figure 7 shows the modification on the segmented and matched pair due to the minimization process. Of

course, in some pathological cases the reconstruction is impossible (for the ceiling of the synthetized pair,
for example), due to lack of information. In this case the modification between static and MRF methods



is small, due to the initial good results (knowing the theoretical precision limits, see [13, 14]). Notice the
modified position of the window on the right wall ; the form and orientations of the two walls are also
slightly modified. The influence of MRF technique is noticeable on the figure 7, where the unmatched
regions are unclassified. (There are regions with no number on the figure 7 ; see for example the wall
below the chair and the desk.)

Figures 8 to 10 show the results of our reconstruction algorithm on a real color stereo pair, taken with
a CCD camera. On figure 9 we can remark the lightning effects on the top left of facet 19, this is due to
the uniformity criterion based on intensity measures (photometric considerations would surely improve
these segmentations). We show in figure 10 only the facets corresponding to the three biggest matched
regions. In the final reconstruction, the facet 19 is correctly positionned (almost perpendicular to the
floor), while the facet 10 (right wall) remains trapped in a local minimum (this is due to the minimization
process, see [14])

Figure 9: Final matching, produced ‘after minimzation
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First reconstruction, only with coupling energy : front view - left view - upper view

o, X

Final reconstruction, with both energies : front view - left view - upper view

Figure 10: Results on the real scene

6 CONCLUSION AND PERSPECTIVES

We have proposed a reconstruction method, which allows refinement of the a priori segmentation and
matching, with help of a Markov Random Field approach. This iterative or feedback step improves
reconstruction results, in comparison with the “static® 3D reconstruction method presented in {13] and
in [14).

The method that we have presented is easily extendable, particularly the energy expressions. We can
improve the efficiency of the segmentation process by adding a line process in the image energies, and we
can also improve the coupling energy by including some photometrical considerations (see [14)), and by
considering other surface primitives (with obvious modifications of left-right and right-left transformations
expressions).

We intend to extend the presented method in three ways :

e to create a complete stereo reconstruction algorithm which does not require as an initial guess an
a priori segmentation and matching (we are currently studying multiscale approaches),

e to study various extensions, especially including the photometric considerations, in order to handle
specular surfaces,

o to study parallel implementations to ameliorate the computational difficulties.
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