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On Occluding Contour Artifacts in Stereo Vision

Abstract

We study occluding contour artifacts in area-based stereo matching: they are false responses of the
matching operator to the occlusion boundary and cause the objects to extend beyond their true
boundaries in disparity maps. Most of the matching methods suffer from these artifacts; the effect is so
strong that it cannot be ignored. We show what gives rise to the artifacts and design a matching criterion
that accommodates the presence of occlusions as opposed to methods that identify and remove the
artifacts. This approach leads to the problem of measurement contamination studied in statistics. We
show that such a problem is hard given finite computational resources, unless more independent
measurements directly related to occluding contours is available. What can be achieved is a substantial
reduction of the artifacts, especially for large matching templates. Reduced artifacts allow for easier
hierarchical matching and for easy fusion of reconstructions from different viewpoints into a coherent
whole.

Comments

University of Pennsylvania Department of Computer and Information Science Technical Report No. MS-
ClIs-97-18.

This technical report is available at ScholarlyCommons: https://repository.upenn.edu/cis_reports/81


https://repository.upenn.edu/cis_reports/81

Czech Technical University @
Center for Machine Perception

On Occluding Contour Artifacts in Stereo Vision

RadimSara, Ruzena Bajcsy
University of Pennsylvania
GRASP Laboratory
3401 Walnut St., Philadelphia, PA, U.S.A.
radim@grip.cis.upenn.edu

Published in:Proc. IEEE Computer Society Conf. on Computer Vision and PatterngRé@amm, CVPR’'97.pp. 852-857.
San Juan, Puerto Rico, June 1997.

This publication can be obtained via anonymous ftp from
ftp://cnp.felk.cvut.cz/pub/cvl/articles/saral/cvpr97fin.ps.gz

Copyright 1997 IEEE. Published in the Proceedings of CVRRJine 1997 in San Juan, Puerto Rico. Personal use of thésiahas
permitted. However, permission to reprint/republish thisterial for advertising or promotional purposes or foratirgg new collective
works for resale or redistribution to servers or lists, oreose any copyrighted component of this work in other wamksst be obtained
from the IEEE. Contact: Manager, Copyrights and PermissidBEE Service Center / 445 Hoes Lane / P.O. Box 1331 / Piseatd\J

08855-1331, USA. Telephone: +Intl. 908-562-3966.

Czech Technical University, Faculty of Electrical Engineering
Department of Control Engineering, Center for Machine Perception,
121 35 Prague 2, Karlovaamest 13, Czech Republic
FAX +420 2 24357385, phone +420 2 24357458, http://cmp.felk.czut



On Occluding Contour Artifactsin Stereo Vision

RadimSara, Ruzena Bajcsy
University of Pennsylvania
GRASP Laboratory
3401 Walnut St., Philadelphia, PA, U.S.A.
radim@agrip.cis.upenn.edu

Abstract

We study occluding contour artifacts in area-based stereo
matching: they are false responses of the matching opera- -
tor to the occlusion boundary and cause the objects extend
beyond their true boundaries in disparity maps. Most of the
matching methods suffer from these artifacts; the effectis so ]
strong that it cannot be ignored. We show what gives rise to leftimage
the artifacts and design a matching criterion thataccommo-
dates the presence of occlusions as opposed to methods that £«
identify and remove the artifacts. This approach leads to the
problem of measurement contamination studied in statistics.
We show that such a problemhsrdgiven finite computa-
tional resources, unless more independent measurements .=
directly related to occluding contours is available. What

can be achieved is a substantial reduction of the artifacts,
especially for large matching templates. Reduced artifacts
allow for easier hierarchical matching and for easy fusion

of reconstructions from different viewpoints into a coherent  Figure 1. Two random-texture stereograms.
whole.
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disparity map

leftimage right image disparity map

(NCC) gives (almost) exactly the same results! The artifact
is still there and its correlation value is as high as the value
of any of the internal surface points!

In this paper we are going to investigate what causes the
failure of the matching operator near the boundary and if
it can be avoided, then how. We go beyond the standard
Rroblem of suppressinoccluded-areartifacts.

1. Introduction

Consider a binocularly viewed depth discontinuity, see the
top row of Fig. 1. The corresponding disparity map recov-

ered by area-based matching is shown far right. Both the
surface textures are i.i.d. Gaussian noise of the same mea
and variance and the pixels in correspondence are of the

same value, so matching operator works quite well, exactly 1.1. Related work

as expected in this ‘textbook’ example.

What happens when the average brightness of, say, théd seemingly simple solution to the correct boundary re-
background texture changes? Interestingly, the computedconstruction is to detect the boundary and then, post-
disparity map is no longer accuratene surface extends processing stepectify the false output of the matching pro-
beyond its true boundansee the bottom row of Fig. 1 cess. The various methods may differ in how the boundary
(the white line marks the expected boundary in the disparity is detected (hypothesized).
map, the matching window is outlined black). We used Sum  The first group of methods use the intensity edge infor-
of Squared Differences as the similarity measure. A more mation in the input images. Cochran and Medioni [4] filter
sophisticated criterion like Normalized Cross-Correlation the disparity map by anisotropic diffusion that is stopped at



intensity edges. They assume that the ‘occlusion overhangs’ In the next section we answer the question of why the oc-
will be smoothed out this way. Little and Gillett [12] locate clusion boundaries artifacts occur and in Section 3 we briefly
discontinuities using information internal to the stereo mod- describe methods that are suitable to solving the problem.
ule and then process this and additional information aboutSection 4 reports the results of their error evaluation. We
boundaries in a post-processing step. summarize and give conclusions in Section 5. More details
The second group of methods use no more informationare given in the accompanying paper [16].

than is present in the recovered disparity map. Hoff and

Ahuja [9] combine matching with surface interpolationand 2 Haow do the artifacts devel op?

detect discontinuities and occluding contours as discontinu-

ities in interpolated surfaces. Wildes [18] detects disconti- . . N
P [18] Consider the portion of a real scene shown in Fig. 2. The

nuities in needle maps recovered from binocular disparity. :
scene consists of a corner of a randomly textured planar sur-

A (_j|fferent appro_ach 's to incorporate an occlusion pro- face in front of a wooden background. Let the left-image
cess into the matching procedure. Belhumeur shows how to

pose the problem as an optimization procedure [1] RelatedmatChing window be at the position shown left in Fig. 2a
approaches are reported, e.g., in [5, 13]. These methodstr)gou“med) and let the right-image window be at the posi-

, .. Lo ion marked by the solid outline shown right. It is easy
to modify thedecision procedureather than the similarity : !
I o . to see that both windows are centered on the same point
criterion which is used to compute the correlation values.

Bhat and Nayar [2] tried to modify thsimilarity crite- on the target. To evaluate the correlation between the win-

. : dows, all the left-window pixel values are compared with
rion. They argue that robust matching method can generally . . ) :

. . . .~ “the right-window values; the structure of their dependence
improve the matching results by accommodating various

! . is shown in the scatter plot in Fig. 3a. Every window con-
unwanted transformations between the two images. They ; T
e . . tents comes from two different populations: the foreground
propose two modifications of Gideon and Hollister robust
. . : and the background textures. The clusters correspond to
rank correlation coefficient as the matching operator. . ; _
Satoh and Ohta [17] increased the number of primary foreground pixels plotte_d against the fo_reground_p|xel_s (F-
m rements: th @ 3 matrix of color camer F) and to background pixels plotted against the pixels in the
Tr?:SUS ebs?an?all er):/a(ljjsge ?he ?o or?’o%ogf Fis:e?ﬁ.re- occluded area (B-O). But only one of the clusters is relevant
ney su 1ally u proporti unse to the evaluation of the correlation value at the central pixel
gions. To obtain sharp boundaries, single color pixels are

X of the window! Generally, it is not known in advance which
matched. The cameras are decomposed to eight subsets and © should it be. since we do not know whether we observe
the disparity is retained from that one giving the best match. an occlusion bo;Jndary a texture boundary, or both

Okutomi and Kanade proposed a method that adaptively ’ ’ '

diusts th tchi id e based X Let now both the windows movat the fixed dispar-
?erjll:ss[iS] € malching window size based on image Con'ity, see Fig. 2b for a later stage (solid-outline windows).

: ) Some new clusters emerge (foreground—occluded area F-O,
Various phenomena related to occluding contour are alsobackground—background B-B, see Fig. 3b), the fraction of
studied ”.] [.3] and [14]. ) ) the various pixels varies in the clusters, and so does the
Once it is known where the boundary is, matching can e 4| correlation value, see the solid curve in Fig. 4a. The
be applied to both its ‘sides’ and the result with higher ;e ation value should drop when the windows move away
confidence retained. The difficulty is how to detect the ¢ the boundary but that does not happen in NCC. The

boundary reliably. Eveniifitis done so, a curved boundary e (ation value stays high until the high-correlation cluster
may still pose a problem, since itis displaced fromiits ‘true’ - disappears (see Fig. 2b).

position due to the smoothing effect of the edge operator. g process should be symmetric if we tried to match the

To make the problem tractable, one hasiésidewhere the , 0\5160nd (we are now comparing the contents of the win-
boundary is anthter reason about the matches. We wantto .y in the left image with the dashed-outline window in the
merge these two stages by making no early decisions. qh1image in Fig. 2; note that both the windows are centered

on the saméackgroundpoint in Fig. 2b). The correlation
1.2. Our goal value should be low in early stages and it should rise later,

when the fraction of correctly matched background pixels
We will not be locating occluded areas and boundaries; weexceeds 50%. That does not happen until the uncorrelated
want a procedure thaccommodates the fatttat they may ~ F-O cluster disappears, see Fig. 3c, 3d and Fig. 4a, dashed
occur in the observed world argives us correct answers curve. Matching background in Fig. 2b is complementary
in their presence. (That also includes ‘no answers’ in the to matching foreground in Fig. Zaut the clusters in Fig. 3¢
occluded areas.) This is close to the concept of outliersand 3d are not symmetric relative to those in Fig. 3b and 3a.
accommodation coined in robust statistics [8]. In this paper, The asymmetry—not the correlation absolute value—is re-
we are going to explore this analogy. sponsible for the occlusion artifact3.he profiles are sym-
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Figure 2. Matching near occlusion boundary.
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Figure 3. Correlation structure.
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Figure 4. Correlation profile. The occlusion
boundary is detected correctly if the two
curves intersect at the relative position O.

metric when the textures are the same, which explains why
we got correct results in our first example from Fig. 1.

Note that the operator need not necessarily be robust in
the sense that the correlation profile should drop/rise steeply
near the boundary. Example of an operator that does not
show this kind of robustness and still gives much better
results than NCC is shown in Fig. 4b.

Besides the cluster determining the correlation, there are
alien clusters whose influence must be eliminated. But since
the various clusters are inseparable, their proper identifica-
tion is not guaranteedMe will consider a matching operator
robust if it is able to accommodate the contaminatios,
give unbiased answers in its presence. The next section
presents three of them and Section 4 compares their match-
ing results.

3. Robust matching operators

Here we briefly review three correlation methods: one of
them based on covariance matrix estimation and two of them
based on rank correlations. Other methods are not analyzed
in this paper although we experimented with them. They
were the Minimum Volume Ellipsoid of Rousseeuw, the Hu-
ber’s coefficient based on a robust variance estimator [10, p.
203], and the non-robust rank correlation methods (Spear-
man’sp and Kendall'sr). All of them were clearly inferior

to the methods presented here, based on the relative visual
differences in the recovered disparity maps and on prelimi-
nary measurements of the accuracy on occlusion boundary.
Complete evaluation was only performed for the selected
methods.

3.1. Robust normalized cross correlation

The robust version of the NCC matching operatoris based on
robust covariance matrix estimation, for all details see [16].
For the initial robust location estimatg, we use the
LMedS estimator which has a breakdown point of 50%.
Given a family of p-dimensional elliptic distributions
with probability density

et V) =[det VI f([[V(x=t)[]), @)

one wants to estimate the vect@nd the pseudo-covariance
matrix S = VTV givenn observations ok and the initial
estimates oty andS,. The estimates are the solutions to
the following set of equations:

n

Ywllyil)y: = 0,

i=1
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wherey; = V(x; — t); u, v, w are some scalar weighting Rank correlations require ranking prior to computing the
functions, and is a unitp x p matrix. We have chosen correlation. But the ranks can be substantially altered by
the presence of contaminants in the data. Our experiments

gs ?f r<s, have shown that, seems to be robust against permutations
w(r) = o1t s <r<2s, of ranks. To our knowledge, the breakdown pointgtas
0 otherwise. not been studied theoretically.
u(r) = r*w(r), (4)
1 . .
o) = ulr) 4. Experimental evaluation
wherer = ||y;||. In our casep = 2. The parametes has  The following errors were evaluated: _
to be chosen for a given class of images. False positiveare false disparity hypothesesin occluded

For the solution existence and uniqueness conditions, theAréas where no disparity can be found. They are related to
reader is referred to [10, 8]. Unfortunately, redescending ©ccluding contour and occluded area artifacts.

functions do not satisfy all of them. Total disparity erroris the number of integer disparity
The solution to (2)—(4) has to be found iteratively, see [10] Map pixels that differ more that one level from ground-truth
for an algorithm. and have a positive correlation value. The total disparity
error included mostly occluding contour artifacts.
3.2. Robust rank correlation Negativesare pixels where no disparity was found al-

though the input data contained enough information to gen-

The components; andy; of then measurement vectors can erate sugh hypothesis. The less 'Fhe number qf negatives the
be converted to their respective ramks;) andr(y;). Ranks more efficient and unamblgqous is the matching operator.
and rank correlations are invariant under any monotonic _ Note that the total disparity error is not the sum of the
transformation of the measurements—a desirable propertyPther two errors.

for image matching. For a very insightful overview of the .

standard methods see [11]. 4.1. Experimental setup

Gideon and Hollister [6] proposed a robust rank cor-
relation coefficient, which we briefly describe here. It is The test target s a staircase-like structure of known geom-
assumed that there are no two equal valumongz; and ~ €try, see Fig. 5. The target was designed so that it was
y;. Let the vectors of ranks be simultaneously permuted so€asy 1o create a precise ground-truth disparity map semi-
thatr(r(z;)) = i. LetI(z) = 1if z istrue and O otherwise. ~ @utomatically (see [16]) and that all secondary phenomena
Then, fori = 1,...,n — 1, one defines affecting matching were eliminated (like projective distor-

' tions at excessively sloped surfaces; repetitive, low-contrast
or missing texture; highlights; curved surfaces and bound-
aries; and shadowed areas).

The fifteen faces of the test target differ in the intra-face
contrast of the random binary pattern. They are arranged
so that all combinations of the relative inter-face contrasts
are exhausted. We affixed the same texture pattern to a
The Gideon and Hollister robust correlation coefficientis ~ single planar surface and used it as a control target to verify
the extend to which the matching operator is disturbed by
- € [-1,+1], n>1 (7) the non-unigueness of the artificial texture and by various
3] texture boundaries in the absence of occlusions.

4 = Y1 < n(r(ap), (5)

d; = Zl(i<n+1—7r(r(a:j2))). (6)

j=1

max; di — max; d;

Rg =

and it can assumg| 3 | + 1 different values. The value of i
k, can be computed i@ (n log n) time [2]. Bhatand Nayar ~ 4-2- Error evaluation

proposed a modification
The progression of occlusion artifacts with increasing size of
Ky =1— o max; di . (8) a square matching window is shownin Fig. 6. The disparities
3] 7 were searched over the interval @£20, 15) in 256 x 256
images and all weak matches were eliminated using the
disparity gradient limit and the ordering constraint.
The NCC-based matching was used as a control exper-
iment. The artifacts develop rapidly with the increasing

1 There are several methods how to treat these ties, see [7]. window size. There were no artifacts in the control target,

which does not satisfy some desirable properties, for in-
stancex, (X,Y) # —kp(—X,Y), but is computationally
less expensive.
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Figure 5. The test and the control targets.
e opdrowth of artifacts with growing matching window, GHRRC
only in the small-size matching windows a few matches o . si| v T ’
were eliminated because of low correlation value. g
In RNCQ, the artifacts develop too, but much slower. 3.,
In small matching windows, the estimator is not efficient §zoo\negaﬂves total dispariy e f ) ! Y
enough, so multiple matches and increased number of ne( Zz ‘ ;
atives (weak matches) in both the staircase and the contrc fseposigs | | P f o RN
targets emerge. This is the reason why spurious local min  ° I AL gl—
ima appeared in the plots.
Both robust rank matching operators perform slightly Gideon & Hollister Rank Correlation (GHRRC)
worse than RNCC. Of the two, GHRRC produces less arti-
facts and negatives. PRRG sy et
The right column of Fig. 6 shows the detailed structure s et whoeio pachng wndon, SR I
of the occlusion artifacts (black) for various matching oper- P I R I T
ators an®5 x 25 matching window. The target structure is £
superimposed to show which artifacts are related to occlu g 6] ¢ n b
sion boundaries. A large matching window (not shown) was 7} negatives total dispariy e
chosen to show how severe the problem could be. Notict | e
that there are almost no artifacts at zero inter-face contras =4 fose posiives | ° ° L |
like in thed — v — ¢ transitions. ’ T o aem &= —
The fraction of false positives was8 x smallerin RNCC
and1.4x smaller in the rank-based operators than in NCC. Bhat & Nayar Rank Correlation (BNRRC)

The overall disparity error waa2x smaller in RNCC and
about1.2x smaller in the rank-based operators. Overall,
RNCC was the best. The number of matching errors in the
control plane was not significant.

Figure 6. Progression of occlusion artifacts
(left). Total disparity error structure (right).

2We useds = 1.4 and 3 iterations of the M-estimator.



More error evaluation for different targets is described It would be very interesting to learn to what extent is the
in [16]. Overall, the RNCC did 32% better than NCC and human visual system affected by the studied phenomenon.
13% better than the robust rankgorrelationsin?he simultane-ACknOWIedgments This work has been supported by the fol-
ous presence of smooth occlusions, specularities, shadowqowing grants: Army DAAH04-96-1-0007, DARPA N00014-92-
and repetitive texture. J-1647, NSF SBR89-20230. Firstauthor has been partly stgzho

by the Czech Grant Agency under the grant@A102/95/1378.
5. Summary and conclusions
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