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USTL, Cité Scientifique, 59655 Villeneuve d’Ascq CEDEX, France.
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ABSTRACT a similarity index is determined for each candidate pixel,
In this paper, we present a new method for dense stered®@sed on the contents of the two neighborhoods. Then, the
matching. In area-based methods, the similarity betweenMaximum (or minimum) value of this similarity index de-
one pixel of the left image and one pixel of the right image fines t.he. most 'relevant canghdatg in the second image and
is measured using a correlation index computed on neigh-'[he Sh_lft IS _retalned_ as the disparity value. To compute th_e
borhoods of these pixels. In our method, the neighbor pixels disparity with subpixel accuracy, a second degree curve is
not similar to the center one are excluded when computingittéd to the correlation scores in the neighborhood of the
the correlation index, which corresponds to adjusting the Maximum and the optimal disparity is computed by interpo-
equivalent size and shape of the correlation neighborhood.ation. Most area-based approaches use a correlation index
Our algorithm yields a precise estimation of the disparity in @S @ similarity measure for determining the best match.
non-textured areas, while avoiding undesired smoothing at ~ Selecting the size of the correlation window is a difficult
discontinuities . This method is suitable for real-time im- task. With a large window, used to reveal maxima of cor-

plantation using specialized hardware. We demonstrate and€lation in non-textured areas, edges are blurred and small

discuss performances using Synthetic stereo pairs_ details or small objects are removed. On the other hand,
Keywords: adaptive neighborhood; dense Stereovision;With a small window, the correlation index is a measure
video-rate processing. very sensitive to noise. Several methods have been pro-

posed to improve the matching efficiency at depth discon-
tinuities. Kanade and Okutomi have proposed an adaptive
neighborhood methodl], in which they iteratively change

the neighborhood size and shape according to the local vari-

mined in a scene by combining two images of this scene ation of the intensity and current depth estimates. However,

taken at the same time from slightly different viewpoints. the algorithm is computationally expensivaj.| o
The correspondence problem consists in defining conjugate 10 Simplify the adaptive methods, efficient multiple win-
pairs of pixels, one from each image, that correspond to dows methods have been proposed. Roberto et al. have de-
the same point of the scene. Then, a standard triangulaSCribed a symmetric, multi-window (SMW) algorithr8][
tion technique yields the depth of this point. A sparse cor- 1hey compute SSD indices on nine windows, and retain
respondance method yields the depth information for somethe one yielding the lowest value of the SSD. Hirschmiiller
specific points of the scene while a dense solution yields theuses a central window surrounded by several support win-
depth of all the visible points of the scene. For applications 40Ws f]. The correlation indices of the best support win-
like mobile robotics, a dense depth map and a video ratedows, i.e. the lowest values, are added to the index com-
processing of the images are often required. puted on the central window. To make the value of the
We assume that both images have been rectified, i.e. thaBimilarity index less sensitive to outliers, Zabih and Wood-
the epipolar lines are the raster lines. In area-based methfill have used non-parametric local transforms of the neigh-
ods, a neighborhood of a reference pixel in one of the im- Porhood datad]. Zhang and Kambhamettu have proposed
ages is compared to a similar neighborhood of every pixel in matching with a segmentation-based cooperation technique
the same raster line of the other image. Usually, neighbor—[G]-
hoods are rectangular windows centered on the pixels. First, ~Inthis paper, we describe an algorithm in which the size
The authors express their gratitude to COSNET-MEXICO for the and shape of the correlation neighborhood are adjusted ac-

COSNET scholarship 2001196P, and acknowledge the financial supportcordi.ng to iFS .Comem- Each pixel of a fix?d SiZ? rectangu-
of the French Nord-Pas de Calais Regional Council. lar window is included or not in the adaptive neighborhood

1. INTRODUCTION

Stereo algorithms allow the depth information to be deter-




according to its similarity with the center pixel. The neigh-
borhood is not the rectangular window like in many other
methods, but only a subset of it. The paper is organized as
follows : section 2 presents our algorithm; experimental re-
sults with two synthetic stereo pair are reported in section 3
and section 4 concludes this paper.

a) 3D scene
2. SIMILARITY-BASED ADAPTIVE

NEIGHBORHOOD METHOD

Thereafter,P,(z, y) (resp. P.(x,y)) denotes the pixel with
coordinategz, y) in the left (resp. right) image, and(«x, y)
(resp.I.(z,y)) its grey level.d(z, y) (resp.d,(x,y)) is the
disparity for the pixel of the left (resp. right) image with co-
ordinates(z, y). w x w is the size of the square correlation b) Left image ¢) Right image
window.

If the correlation window covers a region of the image
in which the depth of scene points varies, then standard
area-based matching techniques fail. For example, consider
the case of the scene shown in figdfa), where two tex- < <
tured objects with different depths are seen by the cameras.
The corresponding left and right images are shown in fig-

Obj. 1 Obj. 2 Obj. 1 Obj. 2

ures1(b) and1(c). The pixels within the small overlapped Depth jump —py Depth jump —
windows are the projgctions_ of points of th_e two objec_ts. d) Fixed window e) Adaptive window
When the correlation index is computed using all the pix-

els of this window (cf. figurel(d)), the averaging effect Fig. 1. Fixed versus adaptive window

yields errors on the estimated disparity. On the other hand,

the adaptive window shown in figuige) includes only the

leftmost pixels, that are the projections of points of the same comparison, to more complex ones like local texture analy-

object. With this window, disparity estimation is more pre- Sis. In order to prove the efficiency of the SBAN approach

cise. itself, we describe the algorithm for the simplest similar-
In our Similarity Based Adaptive Neighborhood (hence- ity criterion, i.e. the comparison of the grey levels. This

forth SBAN), a fixed size window is centered on each pixel is based on the assumption that a significant difference be-

of the reference image, but only selected pixels of this win- tween the grey level means that the two pixels correspond

dow are used to compute the correlation index. Any grey- to different objects of the scene.

level based correlation index can be modified using thistech-  In this case,3, ,(i,j) is set to one if the grey level

nique. For example, the standard SAD expression is changed, (x+,y+1) is close to the grey levd}(z, y) of the center

to: pixel, more precisely if :
Ci(w,9,5) = > Bry(ir) 1) [z +i,y+35) — Lz 9) <Ti(x,y), ()
i\
Ii(z+i,y+j)—L(z+s+i,y+7)|, whereT)(z,y) is the maximum acceptable difference be-

tween the grey levels. The value of this threshold must be
where the coefficienB, (i, j), is equal to one when the  related to the uniformity of the grey levels in the window.
pixels of both images with window offsetsandj are used  For example, it can be defined as :
in the sum, to zero otherwise. This corresponds to defin-

ing a neighborhood with variable shape and size that can be iy i@, y) — Lz +4d,y + j)

adapted to the local image data. Ti(z,y) = = W X W G
In order to correspond to the same object as the center

pixel P;(x,y), a pixel P,(x + i,y + j) is included in or ex- Like in standard methods, the disparity(z, y) is de-

cluded from the window according to a similarity criterion. fined as the shift giving the maximum (or minimum) value

If the two pixels are similarg, , (4, j) is set to one, other-  of Cy(z,y,s). In order to detect occlusions, the left-right
wise it is set to zero. Many techniques can be used to de-consistency is used. For each pixel, if the dispaiity, y)

fine the similarity criterion, from simple ones like grey level computed using the left image as a reference is equal to the



disparityd, (x,y) computed using the rightimage as the ref-
erence, the solution is considered as correct. Otherwise the
pixels are marked as occluded.

3. EXPERIMENTAL EVALUATIONS

(a) Ground truth map

(b) SAD algorithm

Two stereo pairs have been processed to demonstrate the
effectiveness of our algorithm. We have compared our al-
gorithm to the SAD on a fixed size window, to the SMW
algorithm [3], and to the Hirschmuller (HIR) algorithnd].

In each case, we present the disparity maps as grey level im-
ages, using a linearly stretched grey level range to improve
readability : black for the minimum disparity, white for the
maximum one.

For the first experiment, we have used the synthetic im-
ages shown in figureg(a) and2(b). The results are pre-
sented in figure8. Two textured objects are present in the
synthetic scene, that appear as a square and as the back
ground in the images. Well defined edges correspond to e &
depth discontinuities. (e) SBAN algorithm (f) Pixels used

(c) SMW algorithm (d) HIR algorithm
‘.' o hJ e

rhy
i

Fig. 3. Results for the synthetic pair (window si2é x 31)

SAD, SMW and HIR algorithms, but decrease with win-
dow size for the SBAN algorithm. With small windows,
the four algorithms are almost equivalent since they yield
(a) Leftimage (b) Right image high error percentages. These errors are caused by a lack of
information in the correlation neighborhood. On the other
hand, with large windows, the errors are mainly caused by

) ) mismatches near depth discontinuities, that are avoided with
All the algorithms use a square window of sizex 31. the SBAN method. This behavior is confirmed by the very

In the areas corresponding to a single object, all the algo-|q error percentages for the SBAN method for pixels near
rithms precisely estimate the disparity thanks to the large depth discontinuities.

correlation window. The averaging effect, that introduces
errors at depth discontinuities, is clearly visible in the dis-

Fig. 2. Synthetic stereo pair

X i ‘ ; ; All pixels Discontinuities
parity maps of the methods using a fixed size windows (cf. Algorithm Window size Window size
fig. 3(b), (c) and (d)). On the other hand, with the SBAN 7 T15 | 31 v 15 31
method (cf. fig.3(e)), the estimated disparity map is very SAD 531431121497 565 565
close to the ground truth, even near depth discontinuities. HIR 66| 40| 94 || 394 453 550
To better illustrate the behavior of the algorithm, we have SMW 07104l 07 1 100! 102! 15.0
included figure3(f), which shows the number of pixels used SBAN 22103 02 1l 135! 89 | 6.7
in the sum defining the correlation index, a dark grey level
indicating a small number of pixels. Few pixels are used Table 1. Errors for the synthetic pair (in %)

near the borders of the square while many are retained in
areas with an homogenous grey level, that are supposed to For the second experiment, we have used the Tsukuba

correspond to a single object. stereo pair provided on Szeliski'sveb page. Figurd(a)

Since the ground truth disparity map is available, aquan- gy o\vs the right image and figurb) shows the ground
titative comparison is performed using percentages of pix- ,th map.

els for which the disparity error is greater than orie Two
percentages are computed and presented in fatolee for
all non-occluded pixels, one for non-occluded pixels near
depth discontinuities. This quantitative comparison shows
that the error percentages increase with window size for Ihttp://research.microsoft.com/szeliski

Figure5 shows the disparity maps computed by the dif-
ferent algorithms. In this case, the visual comparison of the
maps is more subjective. However, one can see that small




(a) Right image (b) Ground truth map

Fig. 4. Tsukuba stereo pair

detalils, like the lamp stem, or poorly contrasted objects, like

precise than the basic difference between grey levels.

4. CONCLUSION AND OUTLOOKS

We have presented a new area-based algorithm for stereo
matching using an adaptive window technique. The use of a
large window allows for a stable computation of correspon-
dences in texture-less areas. However, since the effective
size and shape of the neighborhood are adjusted, blurring ef-
fects at discontinuities are avoided. This is a difference and
an advantage with respect to the other classical area-based
algorithms where the window size must remain small. Tests

the camera in the background, are better processed by théave shown the advantages offered by the SBAN algorithm,

SBAN method.

(d) SBAN algorithm

(c) HIR algorithm

Fig. 5. Results for the Tsukuba pair (window size x 27)

The quantitative comparison presented in tabows
that SBAN algorithm have the smallest error percentages
for both all non-occluded pixels and for pixels near depth
discontinuities.

All pixels Discontinuities
Algorithm Window size Window size
15 | 21| 27 15 | 21 | 27
SAD 10.1| 9.9 | 10.0| 34.6| 33.5| 33.0
HIR 89 |7.1| 7.2 || 34.1| 32.0| 31.9
SMW 90 | 77| 7.6 || 26.1| 25.1| 24.8
SBAN 71 69| 6.7 || 19.0| 18.8| 18.5

Table 2. Errors for the Tsukuba pair (in %)

This second example shows the interest of the SBAN
method, but also the necessity of defining an efficient sim-
ilarity criterion. In this case, the result could become even
better in homogeneous areas with a similarity criterion more

even with a trivial similarity criterion. We now work on the
definition of other similarity criteria and study the imple-
mentation of the algorithm using specialized hardware for
real-time processing.
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