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Abstract

Althoughstereovisionresearch hasprogressedremark-
ably, stereo systemsstill needa fast, accurateway to esti-
mateconfidencein their output. In the current paper, we
explore usingstereo performanceon two different images
froma singleview asa confidencemeasure for a binocular
stereo systemincorporating that single view. Althoughit
seemscounterintuitiveto search for correspondencein two
differentimagesfromthesameview, such a search givesus
precisequantitativeperformancedata. Correspondences
significantlyfar from the samelocation are erroneousbe-
causethere is little to no motionbetweenthe two images.
Usinghand-generatedgroundtruth, wequantitativelycom-
pare this new confidencemetric with five commonlyused
confidencemetrics.We explore theperformancecharacter-
isticsof each metricundera varietyof conditions.

1 Intr oduction

1.1 Overview
We presenta new methodto diagnosewherea stereo

algorithmhasperformedwell andwhereit hasperformed
badly. All stereosystemsestimatecorrespondences,but
not all of thesecorrespondencesarecorrect.Many systems
do not give an accurateestimateof how trustworthy their
resultsare. Our new confidencemethodaddressesmany
causesof stereoerror, but it focuseson predictingstereo
error causedby low-texture regions. This error sourceis
particularlybothersomewhenoperatingin urbanterrainor
whentheimagerycontainslargeregionsof sky.

The new confidencemetric is basedupon correspon-
dencein imagesfrom a single view. Although it seems
counterintuitive to searchfor correspondencein two dif-
ferent imagesfrom the sameview, sucha searchprovides
valuableinformation.It givesusprecisequantitativeperfor-
mancedata;disparitiessignificantlyfar from zeroareerro-
neousbecausethereis no motionbetweenthe two images.
We usethe term SingleView Stereo(SVS) to refer to the
disparitymapproducedby a stereosystemappliedto two
imagesfrom oneview, separatedin time.

Specifically, weusesingleview stereoperformancedata
asa confidencemetric thatpredictshow a binocularstereo
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Figure 1: SingleView Stereo. SVS searchesfor corre-
spondencein two imagesfrom the sameview. We use
SVS failure as a confidencemetric to predict binocular
failure.

systemwhich incorporatesthesingleview would perform.
TheSVSoutputshowsempiricallywherethestereosystem
hasfailedon thecurrentscenery, andfor this reason,SVS
failurepredictsfailurepixelwise in the binocularcase(see
Figure1). In practice,many stereocamerasarein motion,
and the SVS disparitywill not be zeroat eachpixel. We
discusshow to modify thestaticSVSalgorithmto accom-
modateimagestakenfrom amoving camera.

We comparethe performanceof SVS as a confidence
metric with five commonly-usedconfidencemetrics: (i)
left/right consistency (LRC) predictsstereoerrorwherethe
left-baseddisparity imagevaluesarenot the inversemap-
ping of the right-baseddisparity image values. (ii) The
matchingscoremetric (MSM) directly basesconfidence
upon the magnitudeof the similarity value at which the
stereomatcherfinds that left and right image elements
match. (iii) The curvaturemetric (CUR) marksdisparity
pointsresultingfrom flat correlationsurfaceswith low con-
fidence. (iv) The entropy-basedconfidencescore(ENT)
predictsstereoerrorat pointswherethe left imagehaslow
imageentropy. (v) The peakratio (PKR) estimateserror
for thosepixelswith two similar matchcandidates.A brief
comparisonof thefivemetricscanbefoundin Table1.

1.2 PreviousWork
Unlike muchresearchon stereoperformance,we do not

attemptto comparedifferentstereoalgorithmsto seewhich
is best[10, 5, 24, 29, 9]. Also, we do not attemptto find
theoreticallimits to stereoperformance[4, 8, 19].

Instead,our current researchdealswith on-line confi-
dencemetrics which predict errors within secondsfor a
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Table 1: A Comparisonof Five ConfidenceMetrics. The
table lists variouserror sourcesandindicateswith a ’D’
whichconfidencemetricscandetecterrorsdueto theerror
source.

givensystem.Within theconfidencemetricfield, therehas
beenmuchresearch.Researchthathasconsideredleft/right
consistency includes[33, 18, 7, 20, 15, 32]. Previous re-
searchinto the matchingscoremetric includes[12, 30].
Researchersthat have examinedcurvaturemetricsinclude
[13, 1, 2], andresearchlooking at entropy-like stereocon-
fidencemetricsincludes[16, 26]. Previous work with the
peakratio includes[18, 28]. More generalresearchinto
on-line error diagnosisincludes[34, 17, 31]. In perhaps
themostsimilar approachto ours,Leclerc,LuongandFua
[17] have shown the effectivenessof the self-consistency
approachto estimateconfidence. SVS differs from self-
consistency in thatSVShasagroundtruthanddoesnotrely
on theagreementof multiple matchingprocessesto predict
performance.Otherstereoperformanceresearchfocuseson
modelingtheeffect of sensorerrorson stereo[14] andsta-
tistical techniquesto estimatestereodisparity[22, 21].

In orderto verify stereoperformance,oneneedsground
truth. The oldestsourceof groundtruth comesfrom arti-
ficial imagerythat hasadditive noisefrom a known distri-
bution [23, 11]. While easyto generateandaccurate,this
imagerydoesnotaccuratelymodeltherealworld situations
that moststereosystemsface. A secondapproachmanu-
ally estimatesdisparitiesin laboratoryimages[25, 10, 27].
This groundtruth measuresstereoperformancebetter, but
doesso at a greaterlabor cost anda correspondingsmall
loss in accuracy. A third approachmeasuresa 3D scene
from theactuallocationin which thestereosystemwill op-
erate.Most avoid this optiondueto theextremelyhigh la-
bor cost, but laserscanshave madethis task easier[24].
Recently, Szeliski [31] hasproposeda new approachus-
ing view-predictionasa measurementschemewith ground
truth. Thisapproachcatersspecificallyto theview synthesis
applicationandcomparesa synthesizedimagewith theac-

tual imagein that location.Althoughsomehave usedSVS
asgroundtruth [3], SVShasnotbeentestedasaconfidence
metric. In this paper, we usea manually-obtainedground
truth to find the actualstereoerrorsso that we canverify
theconfidencemetrics’estimates.

In light of previouswork, our maincontributionsin this
report are (i) to show how SVS can be usedas an on-
line confidencemetric and (ii) to quantitatively evaluate
and comparethis new confidencemetric with five more-
traditional confidencemetrics on a uniform basis. We
usethreedatasets,eachcomprisedof a stereopair of im-
agestakenin a laboratorysetting,to gainunderstandingof
thedifferentperformancecharacteristicsof eachconfidence
metric. Using manually-obtainedgroundtruths,we check
wherethestereoactuallyfails,andweverify how well each
confidencemetricpredictsthefailuresandcorrectmatches.

2 Implementation

2.1 SingleView Stereo(SVS)
We proposeusingsingleview stereoresultsasa pixel-

wiseconfidencemetricfor binocularstereo.Thealgorithm
hasthreesteps:(i) run thestereoalgorithmon two different
imagestakenfrom thesameview in closetemporalsucces-
sion. Sincetheepipolargeometryis singularwith only one
view, we rectify both imagesasif they wereleft imagesin
the binocularcaseandsearchalonga horizontalscanline.
(ii) Label the errorsin the outputfrom stepone,wherean
erroris amatchoutsideathresholdintervalaroundzerodis-
parity. (iii) Eacherror in theSVSoutputpredictsfailureat
thesamepixel locationfor a binocularstereosystemincor-
poratingtheview usedin thefirst step.For example,if the
left cameratakestwo picturesin quicktemporalsuccession,
we canrun stereoon thetwo left imagesto generateconfi-
dencedatafor thesamelocationin theleft/right stero.The
reverseexampleusestheright-basedSVSresultsto predict
right/left stereoperformance.

Sensornoises,suchasCCD noiseandframegrabberjit-
ter, aretheprimarydifferencebetweenthetwo SVSimages.
Sincethesenoisesourcesalsoexist betweenthe binocular
cameras,failureon SVS imageryshouldpredictfailureon
binocularimageryat thesamelocation. If we definesignal
as imagestructurethat arisesfrom the sceneandnoiseas
imagestructurethatarisesfrom othersources,thenonecan
view SVS as a measureof signal to noise. In areaswith
low signal wherenoisedominatesthe scene-basedimage
structure,SVSshouldreturna low confidencescorefor the
stereomatcher. Any stereosystemcanusethis confidence
metricbecauseSVSusesthesamestereoalgorithmthatthe
binocularstereosystemuses.Moreover, thecomputational
expenseis tolerablefor many applications;SVS requires
oneextra matchingprocess.

In practice,many stereosystemsarein motion,andthe
disparityof the two successive monocularimagesmaynot
bezero.Still, theSVSdisparityvaluesshouldbesmalldue
to thelimited motionbetweenthetwo images.To compen-



satefor this motion,onecanrelaxthethresholdin labeling
SVSerrors.For example,thedisparitiesin thesingleview
stereoresultsmight beallowedto vary up to 3 pixelsin ei-
therdirection,beyondwhich thesystemlabelsthematches
aserroneous.Of course,this disparityrelaxationdepends
on the systemparameters.A fast frame rate and distant
scenerywill reducethe disparitybetweensuccessive cam-
eras. In this paper, we test the SVS confidencemetric on
still cameras,andthedisparityshouldbeexactly zeroat all
SVSimagepixels.

In our study, we employ a basicscanline-searchstereo
algorithm. Sincewe only aim to measureinternal confi-
dence, and not compareour stereoapproachwith others,
the absoluteperformanceof our algorithmis lessrelevant.
Following rectification,theimagesarefilteredwith aLapla-
cianoperator[6], accentuatinghigh frequency edges.Next,
thematchercalculates7x7 windowedmodifiednormalized
cross-correlationvalues(MNCC) for integralshifts,where�������	��
������� � ��������
�������������
�� �!�����"�#$�&%

The disparity is the shift of eachpeak MNCC value.
Subpixel peaklocalizationis madevia interpolationwith
a quadraticpolynomial. For the tests,both the binocular
stereoandSVS algorithmsearchalongscanlinesin a dis-
parity rangeof ' 20pixels.
2.2 Left/Right Consistency(LRC)

Our implementationof left/right checkingrelieson the
consistency betweenleft-basedand right-basedmatching
processes.Thematchingprocessesshouldproduceaunique
match,andleft/right checkingattemptsto enforcethis. For-
mally, if (*) matches(*+,.-/(0) �21 )3"4 , where (0) is a right
coordinateand ( +, is anestimatedleft matchat right-based
horizontaldisparity

1 )3�4 , thenLRC is definedas5������6� -7(0)98 � ( +, �:1 ,3<;= �>�
with

1 ,3<;= theleft-basedhorizontaldisparity.
Whentheerroris high,thentheconfidenceis low. A low

scorecorrespondsto the situationwhenthe left andright-
basedmatchesdisagreesignificantly.
2.3 Matching ScoreMetric (MSM)

The matching score metric usesthe similarity score,? @BA 3
, at the disparity where the matcherhas chosena

match. MSM estimateswhetherthe matchwassuccessful
or notbasedonthisscore.Intuitively, a low similarity score
meansthatthematcheritself doesnotbelieveits bestmatch
wasvery good. The rangeof MSM is limited to the range
of the similarity metric, which in the caseof normalized
cross-correlationis CD8FE � EHG .
2.4 CurvatureMetric (CUR)

Thecurvaturemetricmeasuresthecurvatureof thesim-
ilarity functionaroundthe maximalsimilarity score

? @BA 3
andusestheformula:��IJ������KLIM�LN - � ? @BA 3 8 ? ,MOQP<R 8 ? )�SUTHV R

where
? ,MOQP<R and

? )�SUTHV R arethesimilarity scoresto theleft
andright of

? @BA 3
. Whencurvatureis low, CUR predictsa

falsematch.A low curvaturescorehappensin low-texture
regions,wherenearbyvaluesappearto besimilar.
2.5 Image Entr opy (ENT)

The image entropy metric relies on the intuition that
stereoworksbestin high textureareas.Entropy, muchlike
MDL [16], measuresimagetexture. If we assumethepixel
values



are discreterandomvariables(RVs) with point

massfunction W , thenwe candefinetheentropy H:X���
���� 8ZYZ[$C \ �6]0� W ��
^�_� G
An intuitivedescriptionof entropy is thatit measuresthe

randomnessof a RV. A low entropy meansthattheaverage
probabilityover thesupportsetfor a givenRV is low. For
example,a constantregion in animagehasa onepoint dis-
tribution, and thusa lower entropy thana highly textured
region. Sincelow texturecausesproblemsfor many stereo
systems,a low entropy scorecanbe usedto predictstereo
error. In our implementation,we usea 20 bin histogramto
measurethe probability functionof a 7x7 supportwindow
aroundeachpixel.
2.6 Peak Ratio Metric (PKR)

Ideally, a matchshouldbeunique,andPKR attemptsto
enforcethisby rejectingany matchwith morethanonesim-
ilar candidate. The peakratio metric computesthe ratio
of the two mostsimilar matches,

? ` OQacb_dfe @$A 3 and
? @BA 3

.
Whentheratio is closeto one,PKR predictsa falsematch.
When the ratio is small, PKR indicatesa unique match,
which is ostensiblyanaccuratematch.Typically, thepeak
ratio is high in areasof repetitivestructureandlow texture.
2.7 ComparisonMethodology

For thecomparisons,we first obtainandrectify a stereo
pair, from which we manuallyconstructa groundtruth at
integer resolution(seeFigure2). We usethis groundtruth
to verify our confidencematchpredictions.First, we mea-
surewhereour stereoalgorithmhasmatchedbadly, count-
ing any matchwithin 1 pixel of thetruthasvalid. Unmatch-
ablehalf-occlusionpoints,deadpixelsandboundarypoints
areexcludedfrom the statistics. We elect to usea binary
hit/missscoringsystembecausein the currentcontext we
feel thatoncea matchis erroneous,it is matchinga wrong
partner, andthedirectionandmagnitudeof theerroris irrel-
evant.After calculatingwherethematcheractuallyfails,we
calculatewhereeachconfidencemetricestimatesfailure.

We characterizetheperformanceof a confidencemetric
usingtwo numbers:the error andmatchpredictionproba-
bilities - theconditionalprobabilitythatthebinocularstereo
actually producesan error (match) given the confidence
metric predictsan error (match). We choosetheseproba-
bilities ratherthanoverallnumberof predictionhitsbecause
they measurefalsepositivesandfalsenegativesandbecause
they normalizetheresultsfor easycomparison.Theproba-
bility is a realisticmeasurebecauseit quantifiestheimpact
if a systemalwaystruststheerrorestimatesof a particular
confidencemetric.



Figure2: StereoErrorMeasurement.Usinggroundtruth,
we measurewherethe stereosystemfails. The top row
containsthefirst teststereopair. Thestereoresultsareon
bottomleft, with a manually-obtainedground-truthto the
right. Thegroundtruth labelsandexcludesunmatchable
points,includinghalf-occlusionandboundarypoints.

3 Results
This sectionshows quantitative andqualitative compar-

isonsof SVSperformancerelative to otherconfidencemet-
rics. The datasetfor thesecomparisonsconsistsof three
stereopairs showing a box, a doll, and a pair of shoes.
Each datasetdemonstratesdifferent aspectsof the confi-
dencemetrics’performance.Theboxdemonstratesaplanar
scenewith high texture.Thedoll testsetdemonstrateshow
the confidencemetricsreactto geometricdifficulties,such
as occlusionboundariesand a searchrangethat is small
with respectto the attendantdisparity. The shoesdataset
demonstrateshow the metricsreactto repetitive structure
andlargeareasof low texture.

For eachcase,we run the stereoon two left imagesto
get SVS data. Then,we run both the left-basedandright-
basedmatchingprocesseson thebinocularstereopair. We
calculateENT on the rectifiedleft imagebeforethe stereo
matching,andtheMSM, PKR andCUR metricsaregener-
atedduringtheleft-basedstereorun. LRC is executedafter
thetwo stereoprocesseshavefinished.

For a given test, we calculatefalsepositivesand false
negatives. In this case,a falsepositive is wherethe con-
fidencemetric predictsa stereofailure, but doesso incor-
rectly. A falsenegative is wheretheconfidencemetricpre-
dictsastereohit, but doessoincorrectly. Falsepositivesde-
creasethe error predictionaccuracy, while falsenegatives
decreasethe matchpredictionaccuracy. The purposeof
SVS is to predictstereofailure,not success.However, we
includethefalsenegativesfor completeness.

Thequantitativecomparisonrankorderseachconfidence
metrics’ estimatesof binocularfailure andplots how well
the metricspredict stereoperformanceas the x axis pro-
gressesfrom bestto worstestimates.We comparethemet-
rics at a given participation rate, by which we meanthe
percentof thepossiblematchesthataconfidencemetrices-

timatesthat the binocularstereowill fail. A higherpartic-
ipation rate includeslower confidencepoints. SinceSVS
andLRC do not predictasmany errorsasothers,they will
not produceresultsat higherparticipationrates.For exam-
ple in case1, SVSonly predictsthatup to 7% of thestereo
matcheswill be failures. Although this terminationseems
premature,this is not an error; the metric cannot predict
any moreerrorswithout jumpingto theuselesscasewhere
everypoint is anerrorprediction.Similarly, ENT produces
many estimates,evenat thelowestthresholdof zero.
3.1 Case1: Box

Thefirst testsetshows a box on top of anopticalbench
in front of a texturedbackground(seetheBox setin Figure
3). Althoughthis testsetdoesexhibit featureswhich cause
stereoerror, suchasa low-texturepatchat top andocclud-
ing boundariesnearthebox, thescenehashigh textureand
planarscenery. Both factorsaid thestereoperformanceand
allow theconfidencemetricsto predictfewererrors.

Qualitatively, one can seethe differencesbetweenthe
confidencemetricsat the top of Figure3. The figure dis-
playsin white thepixelsat which eachmetric predictsthe
stereosystemwill err. For anevencomparison,we thresh-
old eachmetricsothat7%of thepossiblematchesareerror
predictions. The SVS metric correctlypredictsthe stereo
errors in the texturelesspatch at top, and also correctly
labelspoints in the lower portion of the imageas errors.
SVS is not ableto label repetitive structurein this testbe-
causetheholeson thetablearedistinctiveenoughthatSVS
matchescorrectlyat thoseregions.LRC labelsmany points
in the top patchastrue matches,finding that both the left
andright-basedmatchingprocessagreeon thefalsematch.
LRC countserrorsmadein eitherof thetwo views;so,some
right-basederrorsareintroducedinto theleft-basedmatch-
ing error results. CUR andPKR mistakenly predicterrors
at correctmatchesthat happento have smoothcorrelation
curves. MSM andENT performswell at this participation
rate,but mistakenlylabelafew moreerrorswithin thelower
portionof theimagethanSVS.

The quantitative resultsfor the Box test are shown at
the left of Figure4. We presenttwo graphs:error predic-
tion at top andcorrectmatchpredictionat bottom. Ideally,
one would like to seetwo traits in thesegraphs: a high-
probabilitypoint at high participationandalsoa flat curve
followed by a sharpdescent. The high probability point
indicatesthat the metric can accuratelypredict binocular
stereoerror. Theflat curve indicatesthat themetric is rela-
tively insensitive to thresholding.

For errorprediction,SVSexhibits bothpositive traits. It
hasahighererrorpredictionprobabilitythantheothermet-
rics. AlthoughSVShaslower participation,it consistently
estimateserrorswith above99%accuracy, evenup to a 7%
participation. SVS only reaches7% participationbecause
the SVS thresholdrangesfrom ' .2 to ' 20 pixels away
from zero. The binocularstereoactually produceserrors
for 32%of possiblematches,andsotheconfidencemetrics
would needat leasta 32% participationrateto predictev-
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Figure 3: The MissesPredictedby the ConfidenceMetrics. The imagesdisplaythe pixels that eachconfidencemetric would
predictasbadmatchesin white, andthepredictionsof correctmatchesin black. Theresultsfor theBox testareat top, theDoll
testin middleandtheShoessetat bottom.Eachdisplayshows thestereopair, theactualstereomisses,andthemissespredicted
by eachconfidencemetric.

ery error. SVS doesnot predictall errors,but the errorsit
predicts,it predictswell. The closestcompetitorto SVS,
MSM, performsat a 5% lower probability. This difference
mayseemnegligible, but with repeatedapplication,suchas
thatusedin hierarchicalstereo,evensmallpredictionerror
compounds.ENT performswell, correctlylabelingthelow
textureregions.LRC performswell, but spuriouslypredicts
moreerrorsthanSVSin themiddleof theimage.CURand

PKR are relatively inefficient at participationratesabove
5%. Also, all confidencealgorithmsasidefrom SVS de-
pendheavily upontheir threshold.SVS’ flat probabilityof
errorpredictionmakesits implementationmucheasier.

SVSdoesnotfareaswell whenpredictingcorrectbinoc-
ular matchesasit did whenpredictingerrors.Sincetheer-
ror predictionratesof SVSarelow, SVSinherentlypredicts
many stereomatches.Interestingly, SVS performswell at
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Figure4: Quantitative Results.Thetoprow containschartsthatshow how well eachconfidencemetricpredictsstereoerror, while
the bottomrow containschartsshowing how eachmetric predictsstereosuccess.As the metricspredictmorebinocularerror,
their errorprobabilitydecreases.As they do this, they predictfewer stereohits,andthehit probabilityincreases.We comparethe
metricsat all possibleLRC thresholdlevels. NotethatSVSandLRC do notpredictasmany errorsastheothermetrics.Thenext
availablethresholdwould forcethetwo metricsto indiscriminatelypredictall pixelsaserroneous.

this high level of matchprediction,higher than the other
metrics. However, the performancegain is marginal asall
of themetricsconvergeto thesamepoint.
3.2 Case2: Doll

The secondtestsetshows a doll next to a pole (seethe
Doll set in Figure 3). This test differs from the previous
one in that the subjectis non-planar, the backgroundhas
lesstexture,andthepole is thin with many occludingbor-
ders.Moreimportantly, theheadandchestof thedoll figure
lie outsidethebinocularstereosearchrangeof ' ��g pixels.
Thecasedemonstrateshow the metricsbehave aroundge-
ometricerrorsources.Theerrorsourcesleadthebinocular
stereoto achieveonly a 22%matchrate.

Thequalitativedataliesin themiddleof Figure3. For an
evencomparison,wethresholdeachmetricto show thecase
where36%of thepossiblematchesarepredictederrors.As
before,SVS andENT bestpredict the stereoerrorsin the
texturelessblack patch,andalsocorrectly labelspoints in
the lower portion of the imageaserrors. Unlike LRC and
PKR, the othermetricsarenot able to label pointson the
doll’schestandheadwherethematchwasoutof thestereo
searchrange.Thesameis true for the stereoerrorson the
floor thatareout of rangeandthestereoerrorsneartheoc-
cludingboundaryof thepole.MSM andENT performwell
at this participationrate,but mistakenly labelsa few more
errorswithin thebackboardthanSVS.

Thequantitativeresultsfor theDoll testareshown in the
middleof Figure4. SVShasahighererrorpredictionprob-
ability thantheothermetrics,bolsteredby its performance
aroundthe black background.The closestcompetitorsto
SVS, MSM and ENT, perform at a slightly lower proba-
bility. LRC performswell, but spuriouslypredictsmore
errorsthanSVS in the middle of the image. Again, CUR
and PKR are inefficient. As before,SVS hasthe flattest
curve, which indicatesthat SVS doesnot needits thresh-
old fine-tuned.At thebottomof thefigure,SVS is the top
performerin predictingcorrectstereomatches,albeit at a
low rate of error prediction. SVS outperformsthe other
metricsonly in theareaof theblackbackground,andeven
thoughit predictstoo many matches(too few errors)in the
areaof thedoll, its overall rateis highest.MSM andENT
have a high matchpredictionratefor similar reasons.LRC
is ableto correctlypredictmatchesin the areaof the doll,
but over-predictsmatchesin theblackbackground,putting
LRC third to MSM andSVS.
3.3 Case3: Shoes

The last test set shows a pair of sneakers in front of a
racquet(seethe Shoesset in Figure 3). This test differs
fromthepreviouscasesin thattheobjectsexhibit significant
repetitive structureandthe imagehasa large areawithout
texture. Suchtest imagerymay realistically simulatethe
low texturepatchesfoundin outdoorurbanterrainor scenes



with large patchesof sky. Theseerror sourcescausethe
binocularstereoto achieveonly a15%matchrate.

Thequalitative datais at thebottomof Figure3. For an
evencomparison,we thresholdeachmetricso that the im-
agesdisplay the casewhere62% of the possiblematches
are predictederrors. The SVS and ENT metricsperform
bestin thetexturelessblackpatch.Unlike MSM andENT,
SVSpredictsstereoerrorin therepetitivepatternof therac-
quetstrings.SVSperformswell in thisarea,but notaswell
asit normallydoesin the low-textureregions.Becausethe
repetitivestructureis rarelyanexactrepeat,while thesame
structureat thesamepoint is, thezerodisparitysolutionhas
astrongtendency to beatout theshift-by-one-cyclesolution
for SVS.PKR is ableto labeltherepetitive structureof the
tennisracquet.LRC detectserrorsboth in thebackground
andin therepetitivestructureof theracquet.CUR hashigh
confidencein theracquetface,but overpredictserror in the
front of thetop shoe.

The quantitative resultsfor the Shoestestareshown at
theright of Figure4. SVSerrorpredictionsin therepetitive
structureof the racquetarecorrectoverall, but at a lower
probability than error predictionsin the texturelessareas.
For this reason,SVS dropsto 98% probability andscores
third to MSM andENT in predictingstereoerror. LRC pre-
dicts errorswell in both the areaof the racquetfaceand
thebackground,but producesfalseerrorpredictionswhich
putsits errorpredictionprobabilitynear97%,or fourth. All
algorithmshave a flat curve,which signalstheir insensitiv-
ity to thresholding.Whenpredictingmatches,themethods
performsimilarly. SVS doesnot achieve the samematch
predictionrateof MSM andENT becausetherepetitiveer-
ror structureof theracquetfacecausesSVSto errslightly.
3.4 GroupedResults

To quantify exactly which types of error sourcesthe
metricsareestimating,we manuallysegmentedthe actual
stereomissesinto four groups: out-of-rangeerrors, low-
texture errors, repetitive structureerrors,and other errors
(seeFigure5). We measurethe successfulerror estimates
for eachmetric in eachof thesecategories.Theplotscom-
parethemetricswhenworking at partipationratesof 7, 36,
and62%for theBox, Doll, andShoescases,respectively.

The plots show that SVS predictsthe most low-texture
errorscorrectlyin all but thelastcase,with MSM andENT
behindSVSin thefirst two cases.PKRis effectiveatdetect-
ing repetitive structure,especiallyin the shoescasewhere
theracquetfacepresentsdifficulty for thematcher. LRC has
themostevenperformanceacrosserrorcategories,picking
upall four kindsof erroreffectively.

4 Discussion
4.1 Algorithm Results

Each algorithm has different performancecharacteris-
tics. SVS performsbest in regionsof low texture. LRC
detectsmosttypesof stereoerror(seeTable1), but doesnot
predicterror whenthe two matchingprocessesmistakenly
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Figure 5: GroupedError Estimates.For eachtestcase,
theleft imagedepictsthemanuallygroupedstereoerrors,
while the right plot shows thecorrectlylabeledsubsetof
errorswheneachmetricestimates7,36,and62%(respec-
tively) of possiblematchesto beerrors. In the manually
groupederrors image, the grayscalescorrespondto the
typeof error, where50means’Out of Range’,150means
’Low Texture’, 200means’RepetitiveStructure’,and255
means’Other’.

agree.As evidencedby theblackregionsfor LRC in Figure
3, this happensoften. Whenboth matchingprocessesare
accurate,LRC predictsfewer falseerrors.LikeSVS,MSM
andENT reactto a subsetof thepossibleerrorsources,but
dosowith ahighprobabilityof success.All threearepartic-
ularly sensitiveto low-textureareas,butMSM is alsoableto
detecterrorsfrom moresourcesthanSVSandENT. Future
work includestestingnon-MNCC MSM metrics,suchas
SSD,which may not measurelow texture regionsaswell.
PKR is particularly effective in repetitive structureareas,
but producesmany falsepositivesfor correctmatchesin ar-
easof repetitive structure(e.g.,shoesdataset)andfails in
low textureregionswhereerroneousmatchesareunimodal.
CUR hasa significantfalsepositive rate,labelingaserrors
thecorrectmatchesthathave low curvature.

Theconfidencemetricshaveotheradvantagesanddisad-
vantages.Mostnotably, thenon-SVSmethodspredictmore
error. Labelingmoreerrorswith lessaccuracy may some-
timesbedesirable.However, whenevery matchis needed,
the error predictionprobability is moreimportantthanthe
numberof errorpredictionsbecauseit woulddiscountfewer
matchesanddo somoreaccurately. Anotherdifferencelies
in the metrics’ implementation.SVS andLRC do not de-



pendcritically on thresholding,which makesimplementa-
tion easier. The other confidencemetricsare sensitive to
their thresholdandneedto be to be morefinely tunedfor
optimalaccuracy. Therunningtime for themetrics’ is also
different. The fastestmetric,MSM, requiresno additional
computationsinceit relieson the stereomatchingprocess
itself. CUR and PKR requirean incrementalcalculation
during the stereomaximizationphase. SVS andLRC re-
quireanadditionalmatchingprocess,while ENT requiresa
costlyhistogrammingoperation.
4.2 Summary

In this paper, we have presenteda new confidencemet-
ric, SVS,whichdelivershighprobabilityof errorandmatch
prediction,especiallyaroundlow-textureregions.We have
comparedthemetricagainstfiveothermetrics,LRC,MSM,
CUR,ENT andPKR,underavarietyof laboratorysettings.

The choice of confidencemetric ultimately depends
upon the sceneryat hand and the operational require-
mentsof thesystem.Whenlow-textureareasdominatethe
scenery, SVS hasa high probabilityof success;it alsocan
diagnosedifficultiesarisingfrom sensornoiseandperiodic
structure. Whenthe matchingis generallyaccurate,LRC
will be a goodconfidencemetric becauseit reactsto most
errorsourcetypesandbothof its matchingprocessesshould
succeed.MSM suitssystemsthatrequireextremespeedbe-
causethesystemalreadyhasto calculatea matchscore.In
thefinal analysis,it maybedesirableto combinethesemet-
rics to takeadvantageof their differentstrengths.
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