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Abstract

This paper describesthe designand implementation of an
algorithm for improving the performanceof stereovision
in ervironments presening repetitiv e patterns or regions
with relatively weak texture. The proposed algorithm
makes use of the common assumption that the dispar-
ities corresponding to continuous surfacesin the world
vary smoothly; we are using this assumptionto alleviate
the correspondenceproblem for pixels that cannot be re-
liably matched by the stereo algorithm. Our approac
can be described asa reliabilit y based Itering of the dis-
parity image followed by a recursive propagation step. It

can be applied to the output of almost any \standard"

stereoalgorithm with minimal modi cations, and is com-
putationally e cien t.

1 Intro duction

Stereovision is now a commonly used technique for ex-
tracting information about the 3-D world in which mobile
robots operate. The small sizeand price of modern cam-
eras, the wealth of information contained in a good dis-
parity map and the ever increasingcomputational power
available on board mobile robots make stereoa preferred
tool for obstacle detection and avoidance, localization,
map building and visual odometry.

In principle, any stereoalgorithm consistsof two stages:
(a) establishing correspondencesbetween featuresin the
two images and (b) using the shift in the position of
ead matched feature together with information about
the stereorig to recover the 3D position of the feature in
the world. Solving the correspondenceproblem is gener-
ally harder than the reconstruction step, due to the inher-
ent ambiguity in the matching process. The featuresto
match can either be single pixels, or primitiv esextracted
in the images,such as line segmets, curvesor regions.

Pixel based stereovision algorithms are very e cien t in
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natural, textured erwvironments (e.g. outdoor natural
scenes),where they provide dense3D information. But
for indoor environments, the pixel matching processis
particularly dicult. The repetitive patterns and low-

textured surfacesthat abound in arti cial environments
are some of the worst possible scenariosfor pixel based
stereo matching (gure 1). In this paper we describe
an algorithm that usesassumptionscommonly made by
stereo vision researters in order to alleviate the pixel
correspondenceproblem in sudc cases.

Figure 1: An example of challenging image pair for a pixel based
stereo vision algorithm

After a brief overview of existing approacesis section
2, section 3 details our algorithm and someimplementa-
tion aspects. We addresse ciency issuesand discussthe
possible failure modes. Some illustrativ e results of our
experiments are preseried in section 4, and conclusions
are drawn in section 5.

2 Related work

Numerous researders tried to improve the performance
of stereovision by addressingproblems posedby depth
discortin uities and occlusion (e.g [1, 2, 3]). Others have
tried to usevarious di usion techniquesand assumptions
such asthe slow variations of disparity in order to share
support betweenneighboring pixels [4].

An excellert recert survey and a taxonomy of the var-
ious stereo algorithms is preserted in [5]. According to
this taxonomy, our algorithm lies somewherebetweenthe
local methods and the global optimization ones,and ts

into the category of seed-and-grav approaches. It is close
in spirit to the methods preseried in [6] and [7], and to the



PMF algorithm [8]: we are using matchesthat are con-
sidered reliable to guide the seard for correspondences
at pixels that are ambiguous. Howewer, the resenblance
with [7], in which the authors do not perform densestereo
but only try to match edgefeatures, stops at the idea of
giving higher priorit y to matchesthat are more reliable.

The PMF algorithm [8] relies on the conceptof disparity
gradient limit, and is also a sparse matching algorithm
using edge primitiv es. On the basis of psychophysical
phenomena,the authors suggestthat human vision uses
a disparity gradient limit to help the stereo matching.
Their approach relies on the de nition of suc a limit;
somepoints on edgestrings are then selectedasseedsand
the authors measurethe support given by other matches
within a certain radius that respect the disparity gradient
constraint. The support measuresare then usedto select
matches in the order of the match score. The formula
usedis sothat points that are closeto eadt other cannot
have very di erent disparities.

In [6] the author proposesa two step algorithm for ob-
taining densematching for uncalibrated image pairs with
possibly large cameramotion. A set of highly distinctiv e
features (seed points and areas) are extracted by using
a RANSAC-style algorithm for seedpoints and an alter-
nate sequenceof region growing and matching for the
seedareas. The matched seedsare ordered basedon a
reliability measureand they are used for a propagation
step which consistsin an exhaustive seard for candidate
matches within a 5x5 neighborhood around ead paired
seed. While the idea of ordering the matchesby reliabil-
ity is good, the concept of area-basedmatching is ques-
tionable; furthermore, the preserted algorithm cannot be
used to obtain sub-pixel precision in matching and re-
quires thresholds that are dependert on the (unknown)
amount of distortion betweenthe two views.

The interpretation of the disparity map as a 3-D surface
is an aspect that is fundamertal to our method. We will

show that this interpretation (usedin [9, 10, 5] and nu-
merousother papers) makesthe mathematical apparatus
that we useintuitiv e.

3 Algorithm  Description

3.1 Overview

Most of the dense matching algorithms start by using
knowledge of the camera parametersto warp the input

imagesso that for eat pixel (x;y) in image | the cor-
responding pixel in image |, is located on the sameline

at coordinates (x + dyy;y). Given the characteristics of
the stereorig and the range of 3-D world distancesfrom

the camerathat are of interest, a seard interval for dyy

is determined; a similarity measure between areas cen-
tered at pixels 11(x; y) and 1 2(x + dyy ; y) is computed for
ead valid dyy , resulting in what is usually called a cor-

relation curve. The word \correlation" does not neces-

sarily mean normalized cross-correlation(ZNCC) is used
asthe matching measure: other measuredike SSD, SAD
or the non-parametric measuresintroducedin [11] are of-
ten used. However, our method is not dependert on the
chosenmeasure.

When the correlation curve hasonly one sharp peak with
a scorethat is signi cantly higher than any other local
maximum, the matching is trivial. Unfortunately, for pix-
elson surfaceswith repetitiv e patterns or very weak tex-
ture the correlation curvesare more confusing (see gure
2).

Figure 2: Top: Correlation curve for a pixel on a repetitive
pattern (the matching soore is here ZNCC). In this
particular case the correct disparity is -29 (a local
maximum) and not -14 where the global maximum of
the correlation curve is located. Bottom: Corr elation
curve for a pixel on a low-textur ed area. Note the
\atness" of the peak at the maximum (disparity =
-17). The true disparity could be anywhere between
-20.5 and -16.5.

For the type of correlation curve corresponding to repeti-
tiv e patterns, it is generallythe casethat oneof the peaks
is correct but not necessarilythe one with the highest
score, mainly becauseof the noise in the images. Sim-
ilarly, when a relatively at peak coming from a pixel
in a low-textured areaoccurs, it is usually the casethat
the correct disparity is somewherewithin a small interval
around the maximum of the matching score.

Our algorithm deals with thesetwo problems according
to the following steps(detailed in the next sections):

1. A disparity map is computed, in which for every
pixel we store not only the global maximum of the



correlation curve, but also the other top v e local
maxima and somemeasuresof the reliabilit y of the
global maximum. Theselocal maxima are referred
to asdisparity hypotheses

2. We perform a grouping operation on the disparity
map that results in blobs such that the pixels in
ead blob have disparities that vary continuously.
During the grouping processwe aggregatethe con-
dence in ead pixel so that at the end we have
a measureof the average\matc h quality” for each
blob. Finally, we set thresholds on these quality
measurego lter out the unreliable blobs. The pix-
els belonging to the blobs that are ltered will be
consideredasunset, i.e. without areliable disparity
value assignedto them.

3. Start a recursive propagation process,which con-
sists of (a) detecting the unset pixels that have
enoughreliable disparities in a small neighborhood
around them, (b) getting an estimate of the dispar-
ity for the unset pixels on the basis of their reli-
able neighbors, and (c) using this estimate and the
stored disparity hypothesesto selecta valid dispar-
ity for the unset pixels.

3.2 Computing the Disparit y Hyp otheses

The algorithm usedto compute the disparity hypotheses
for eadh pixel is a slightly modi ed version of the stereo
correlation algorithm described in [12]:

1. The stereopair is corrected for distortion and rec-
tied using the calibration information.

2. For eadh pixel 1 1(x; y) in the left imagethe following
stepsare performed:

we scanalong a given disparity interval on the
corresponding line in the right image, |2, ob-
taining the correlation curve.

we keep track of the top v e local maxima
found during this scan.

for the global maximum, we ched 3 criteria
de ned on the correlation curve to declare it
asalvalid" one:

- the matching scoreat the global maximum
- the di erence betweenthe scoreat the global
maximum and the scoreof the second-test lo-
cal maximum.

- the sharpnessof the peak, de ned by the
scoredi erence betweenthe global maximum
at disparity dnax and the scoresat disparities
Omax 1 and dmax + 1.

if the global maximum found in imagel , meets
these criteria, an inverse seard is initiated.

The inverseseard consistsin certering a win-
dow around pixel I 2(X + dmax ;¥) in the right

image and computing the match scoreover a
disparity rangein the left imagel1; the global
maximum for the inverse searth is cheded
with the samecriteria asthe global maximum
of the direct seard. In casednax is the cor-
rect disparity for the pixel 11(x; y), onewould
expect the best score for the inverse searh
to occur at 11(x;y). If this is true, dmnax is
consideredto be the correct disparity for pixel
I1(x;y); if not, the pixel is consideredas un-
set: there is no reliable disparity estimate for
it, and it will be analyzed later.

3.3 Disparit y Grouping and Filtering

Once we have a disparity image with reliabilit y measures
for ead pixel, we perform a grouping step which results
in a set of blobs with similar disparities, using a classi-
cal blob coloring algorithm. As a result, eac blob corre-
spondsto a region of the imagewherethe disparity varies
cortinuously. We will seethat a contin uousdisparity cor-
respondsto a continuous 3-D world surface.

The purposeof the grouping step is to aggregatethe per
pixel con dence measuresin order to reducethe e ect of
the noisein the disparity image. The direct and inverse
seartesare unfortunately unableto completely eliminate
the bad matches, and having stricter thresholds during
the match processwould certainly eliminate someof the
good matches. However, aggregating the per pixel con-
dence measuresinto a more stable per blob con dence
measureallows us to do better Itering in two ways:

if agood match only marginally satis es the thresh-
olds for the con dence per pixel, any increasein
thesethresholds would eliminate it. However, since
a correct match is hardly due to noise, it is usually
neighboring other good matchesthat originate from
the same 3-D world surface. During the grouping
step the correct match will be included into a big-
ger blob corresponding to correct matches regard-
less of the margin by which it satis es the thresh-
olds. When the con dence levelsin ead pixel are
averagedover the whole blob, the averagewill be
only slightly decreasedby these correct but low-
scoring matches.

if a bad match passesour pixel con dence tests,
one would expect that in generalit will not pass
them by a large margin. Furthermore, even if a
bad match with a great scoreoccurs, it is unlikely
that it will be accompaniedby numerousother bad
matcheswith very closedisparities and high scores.
As a result, when we form groups we would expect
the blobs corresponding to bad matchesto be either
very small or have small con dence values.

The only implicit assumption we make here is that on



averagegood matcheswill scorebetter in our con dence
tests than bad matches.

The con dence measuresper blob that we compute dur-
ing the grouping processare:

the average matching score for the direct and in-
versesearh

the averagedi erence betweenthe top two maxima
for the direct and inverseseart

the averagesharpnessof the peaks

For the Itering stagewe only havethree thresholds, since
there is no reasonto di erentiate the direct and inverse
seardes. We also have an inferior limit on how small a
blob we can acceptasvalid. This limit is extremely low
(on the order of 10-20 pixels), to avoid the elimination
of small objects that have disparities di erent than their
surroundings in the image. This threshold on the mini-
mal sizeof the blobs is necessarybecausefor really small
samplesof pixels the averageis not stable enough.

Deciding what disparity blobsto eliminate can be accom-
plished by any function of the blob con dence measures;
however, simple thresholds on the blob statistics proved
to be reliable in our experiments. The developmert of
more complex decision functions for ltering is left for
future researd.

As the output of this stagewe have a disparity map with
multiple hypothesesper pixel, in which the unreliable
pixels are labeled as sud'. Furthermore, the multiple
disparity hypothesesper pixel are only relevant for the
unreliable pixels; for the others the global maximum is
acceptedasa valid disparity estimate.

3.4 Local Planar Appro ximation of the Disparit y

Surface

As shown in gure 2, pixels on repetitiv e patterns have
correlation curves that presert multiple local maxima
with similar scores. In this case,becauseof foreshorten-
ing and the di erent viewing angle of the two camerasthe
global maximum does not necessarilycorrespond to the
correct disparity. However, it is almost always the case
that one of the local maxima is the correct one; if we can
somehav get a rough estimate of the correct disparity,
we can narrow the seard for a maximum to its neigh-
borhood and selectthe correct peak even if it is not the
global maximum of the correlation curve. Our method to
obtain an estimate of the disparity value at an unreliable
pixel is to locally approximate the disparity surface with

a plane.

1Any concept of disparity blob is here abandoned, its only pur-
pose being to make the reliabilit y based Iltering more robust
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Figure 3: Using the local planar approximation of the disparity
map disambiguate the maitch.

To have an intuition on this approximation process,it
helpsto think of the disparity map as an elewation map.
A disparity map in which someof the pixels are labeledas
unreliable correspondsto a surfacewith holes. If around
any missing (i.e. unreliable) value we have enoughgood
estimates of the disparity, we can then usethe local pla-
nar approximation and get a rough estimate on the miss-
ing disparity; while this value will obviously not be good
enoughto be kept as a nal disparity estimate, it will
be su cien t to disambiguate the match in the caseof a
repetitiv e pattern (gure 3).

We would like to stressthe fact that tting a plane to
the disparity surfaceis a principled operation basedon
the fact that disparity varies slowly along surfaces(see
[9] for an excellert analysis and justi cation of this as-
sumption). The sametype of local approximation of the
disparity surfaceis usedin [10], where the authors also
prove its equivalenceto imposingan ane constraint on
the transformation betweentwo patchesin the left and
right image.

The rst step of the processof tting a plane through
the valid disparities in a small neighborhood around a
pixel of interest consistsin making sure that the estima-
tion of the plane parameters would not be degenerate.
While in theory we could t a plane though as little as
three non-collinear points, in practice the noise in the
reliable disparities found would make such an estimate
numerically unstable (not to mertion the needto chedk
the points collinearity). In our algorithm we require that
at least a third of the pixels in a 5x5 neighborhood (i.e.
8 out of 24) have valid disparities before tting a plane.
This results in an over-determined system of equations
that, solved using a least-squarest (which alsoallowsto
bypassthe collinearity test, asit is impossibleto have 8



collinear points in a 5x5 neighborhood).

Once the parameters of the tting plane are found, we
can obtain the disparity estimate at the unreliable pixel
and step into the disparity propagation algorithm:

1. The disparity image is scannedonce, to count the
number of reliable pixels in the 5x5 neighborhood
of all the unset pixels. If the result of the court is
greater than a third of the pixels in the neighbor-
hood we, insert the pixel in a linked list of \treat-
able" pixels.

2. We scan the linked list and for ead element we
attempt to selectone of the multiple disparity hy-
pothesesstored in the pixel structure. A planeis t
to the disparity surfaceto obtain an estimate of the
disparity at the pixel being treated. At this point,
we are in one of the following three cases:

(a) The estimate is within 1 pixel of one of the
hypotheses. In this casewe have high con -
dencein the fact that we identied a correct
local maximum and subsequetly the correct
disparity. We setthis hypothesisasthe unique
estimate at this location in the image and we
relabel the pixel asvalid (meaning that it can
be usedfor further propagation steps).

(b) The estimateis between 1 and 3 pixelsfrom one
of the hypotheses,and this hypothesisis a at
peak. In this casewe will considerthe estimate
correct, but since this pixel does not provide
any real information about its neighbors we
will not useit for further propagation steps.
We call such pixels set

(c) The estimate is more than 3 pixels away from
any disparity hypothesisthat we have. In this
casewe will not do anything, since the pla-
nar approximation does not provide su cien t
information for establishing a reliable match.
The pixel will still be consideredas invalid.

In the case(a), one more step is performed before
removing the pixel from the list: the count of the
unset pixels within a 5x5 neighborhood of the pixel
is incremerted: the onesthat them becomeltreat-

able" are added to the linked list. This step is
crucial for the computational e ciency of our algo-
rithm; after the initial disparity image scan, there
is no needto ever scanthe whole image again: the
propagation will recursively occur.

3. The propagation step simply stopswhen the list of
treatable pixels becomesempty. This is guaranteed
to occur since eat elemen of the list is deleted
once it is analyzed and can not be subsequetly
added. The number of pixels that can becomevalid
is bounded by the number of total pixels in the
image and thus sois the number of iterations.

3.5 Computational E ciency Issues

Sinceour algorithm canwork with almost any pixel stereo
implementation, we separatethe complexity analysis for
producing the initial disparity map from the analysis of
our algorithm.

In general runtime for stereo correlation algorithms de-
pend heavily on the size of the windows being used for
computing the match measure,on the range of disparities
being seardhed and on the size of the stereo pair. How-
ever, through careful implementation the dependencyon
the size of the correlation window can be almost annihi-
lated, meaningthat with relatively low overheadonecan
achieve almost constart runtime in the size of the corre-
lation window [12]. Our only changeto the algorithm of
[12] is to record the top v e local maxima instead of the
global maximum for ead correlation curve, and to record
more con dence information per pixel. As a result this
only added O(1) operations per pixel.

The implementation of the grouping step requires only
one passthrough the disparity image, so its runtime is
O(n) in the number of image pixels. We have not pre-
serted the speci ¢ details of the implemertation, but it
is enoughto mention that the grouping and ltering step
require at least oneorder of magnitude lesstime than the
correlation or propagation steps.

The propagation complexity is the following: the initial
passthrough the image (in which we court the reliable
neighbors of ead unreliable pixel and we construct the
linked list) is O(n) in the number of pixels in the image.
We have shawvn that the number of treatable pixels added
to the list and analyzed is bounded by the number of
pixels in the image, sothe propagation step is also O(n).
As aresult, the whole propagation processrequiresatime
that is linear in the number of image pixels.

4 Results

4.1 Technical Setup

The stereo pairs on which we presen results in this pa-

per and in its online versionwere captured using a stereo
rig with a 300 mm baseline. We have used Digital In-

terface XCD-X700 digital cameraswith Computar lenses
(4.8mm focal, 1:1.8 stop). The systemwas calibrated us-
ing a combination of the Matlab implemertation of the

OpenCV cameracalibration routines and the Calife sys-
tem deweloped at LAAS-CNRS. Calife was also used for

rectifying and sub-samplingthe images.

In our experiments we had the option to choose the
matching metric. We performed tests using the zero
mean normalized cross-correlation (ZNCC), the Census
non-parametric image transform [11], and various small
variations of the two. Our system generally performed
better with the censusimage transform: this is what we
usedto generatethe following results.



4.2 Exp erimen tal Results

A large number of tests were performed to thoroughly
ewvaluate the performance of our algorithm in a variety
of real-world conditions. We have collected more than
200 stereo pairs in various locations of the LAAS build-
ing, making sure to encourter casesthat are well known
to causepoor performancein stereoalgorithms: specular
re ections and shadows, repetitiv e patterns and regions
with low texture (walls, furniture, etc.) and scenespre-
serting depth discortinuities and occlusions.

The main objective of our researd was to addresswhat
we have identi ed asthe worst problems of indoor stereo,
i.e. the repetitiv e patterns and the low-textured regions.
We did not tackle other problems that represer open
researt questionsin themseles, like using correlation
windows with adaptive sizesfor optimal behavior at oc-
clusion boundaries. Our experiments prove that our al-
gorithm handlesextremely well the casesit was designed
to handle and it doesnot perform worsethan the original
stereoalgorith on the others.

Figure 4 presers the typical performance of our algo-
rithm on a repetitiv e pattern; the sceneis alsopresening
a relatively strong foreshortening e ect.
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Figure 4: Top row: dicult stereo pair. Note the unfavorable
alignment of the tiles with the optical axis. Midd le
row: the output of the standard stereo-correlation al-
gorithm (left) and the results of the quality-based |-
tering step (right). In the unlter ed output there is
a large amount of wrong disparity estimates in the
upper-left corner. Bottom row: result of the propaga-
tion step (left) and original left image in which only
the matched pixels are present (right).

There are also theoretical limitations on how much lack
of texture a stereoalgorithm or even a human can han-
dle. Our method hasbetter performancethan a standard
algorithm in low-texture conditions, and it breaks down
nicely by stopping the propagation processbefore pro-
ducing erroneousmatches: gure 5 shows its result on a
scenepreserting a uniformly painted closet that makes
the correspondenceproblem challenging.
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Figure 5: Results of our algorithm on a stereo pair presenting
low-textur ed areas.

In our experiments we wanted to ched if our method is
robust enoughto handle variations in the environment
without requiring the readjustmert of the various thresh-
olds on a per scenebasis. For this purposewe have taken
a sequenceof 40 image pairs in various positions with
respect to the lighting sourcesin our lab; as a result we
have an image serieswith various degreesof shadav and
specular re ections e ects. We have processedall this
sequenceawithout changing any threshold and the system
proved to be very reliable. This image seriesand the re-
sults of our algorithm on ead stereopair in the sequence
are available in the online version of this paper?.

4.3 Failure Mo des
Throughout our experiments we haveidenti ed two types
of failure modes:

Filtering Errors: they can occur if blobs of erroneous
disparities pass our con dence tests; their e ect could
be serious given that the propagation step will use bad
data and will most likely enlarge the blobs. However,

cdi ma/research/LAAS_D01/

2URL http:/Awww.ri.cmu.edu/~

p. 6



the use of numerous con dence measuresand averaging
them makesit sothat eventhe simple decisionrule based
on thresholds that we useis very reliable. In caseeven
more reliability is needed (for a dependable system for
example) our method could easily be modied to work
with more complex decisionrules.

Another problem during ltering can occur if somehav
erroneous matches have disparities that are corntinuous
with good matchesnearby. In this casethe bad pixels will
be addedto a good blob, and if this oneis extremely large
it could be the casethat its averagereliability measures
are not su cien tly decreasedby the bad pixels.

This latter failure occurred only once over all our tests
(more than 200 stereo pairs). We have unsuccessfully
tried to make this error re-occur by taking other stereo
pairs in the same position and illumination conditions,
and we concluded that its probability of occurrence is
negligible. If high dependability needsto be guaranteed,
one could change our grouping step so that the con -

dence measuresare not averagedover whole blobs but

only within somedistancefrom the pixel being evaluated.

Propagation Errors: Our method imposesvery strong
requiremerts before any unreliable pixel is relabeled as
good: we ask that the disparity estimate is within one
pixel of a peak of the correlation curve. Our experiments
have shown that the tolerance of one pixel is not tight,

any value between0.5and 2 pixels working almost aswell.

We have also tried imposing someadditional constraints
such as having a minimal acceptable score of a selected
local maximum or having a maximal value for the resid-
ual of the plane t. While both these constraints make
sense,we have simply found that the algorithm works
just aswell without them: it doesnot try to propagatein

the occludedareasof the imageand it handleswell depth

discortin uities. We have only seenpropagation errors in

caseswhere we expected to seethem: on repetitiv e pat-

terns at very large distancesfrom the camera(closeto 0
disparity) where we have a suddenchangein the orienta-

tion of the 3-D world surfacebut not enoughinformation

in the imagedata. This failure mode was expected given
the focal length of the lenseswe usedand the resolution of
our images;we considerit an unimportant failure mode
for any real application sinceany depth reconstruction at

that range is inherertly unreliable. For concrete exam-
ples of this failure mode we refer our readerto the online
version of this work.

5 Conclusions and Future Work

We have preserted an algorithm that improvesthe per-
formance of stereo vision in indoor ervironments. The
algorithm is extremely simple, performs well and is com-
putationally e cien t. Giventhat we did not addressthe
issueof using adaptive window sizesand that depth dis-
contin uities are frequert indoors we think this should be

the next addition to our algorithm in order to have a per-
formant indoor stereosystem. Implementing the various
approachesthat we proposedfor increasingthe reliabilit y
of our algorithm even further is another direction to take
for obtaining a deployable system.
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