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Abstract

Althoughsteeo vision reseach hasprogressedemark-
ably, steleo systemstill needa fast, accurate way to esti-
mateconfidencdn their output. In the current paper we
explore using stereo performanceon two differentimages
froma singleview asa confidencaneasue for a binocular
steleo systemincorporating that single view. Althoughit
seemgounterintuitiveto search for correspondencan two
differentimagesfromthe sameview, suc a seach givesus
precise quantitative performancedata. Correspondences
significantlyfar from the samelocation are erroneousbe-
causethere is little to no motion betweerthe two images.
Usinghand-genertedgroundtruth, we quantitativelycom-
pare this new confidencemetric with five commonlyused
confidencametrics.We explore the performancecharacter
isticsof eadh metricundera variety of conditions.

1 Intr oduction

1.1 Overview

We presenta new methodto diagnosewhere a stereo
algorithmhasperformedwell andwhereit hasperformed
badly. All stereosystemsestimatecorrespondencesut
notall of thesecorrespondencemecorrect.Many systems
do not give an accurateestimateof how trustworthy their
resultsare. Our new confidencemethodaddressesnary
causef stereoerror, but it focuseson predicting stereo
error causedby low-texture regions. This error sourceis
particularlybothersomeavhenoperatingin urbanterrainor
whentheimagerycontaindargeregionsof sky.

The new confidencemetric is basedupon correspon-
dencein imagesfrom a single view. Although it seems
counterintuitve to searchfor correspondencen two dif-
ferentimagesfrom the sameview, sucha searchprovides
valuableinformation. It givesusprecisequantitatve perfor
mancedata;disparitiessignificantlyfar from zeroareerro-
neousbecausehereis no motion betweerthe two images.
We usethe term Single View Stereo(SVS) to refer to the
disparitymap producedby a stereosystemappliedto two
imagesfrom oneview, separatedh time.

Specifically we usesingleview steregperformancelata
asa confidencemetric that predictshow a binocularstereo
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Figure 1: Single View Stereo. SVS searchegor corre-
spondencen two imagesfrom the sameview. We use
SVS failure as a confidencemetric to predict binocular
failure.

systemwhich incorporateghe singleview would perform.
The SVSoutputshavs empiricallywherethe sterecsystem
hasfailed on the currentsceneryandfor this reasonSVS
failure predictsfailure pixelwise in the binocularcase(see
Figurel). In practice,mary stereocamerasarein motion,
andthe SVS disparity will not be zero at eachpixel. We
discusshow to modify the staticSVS algorithmto accom-
modatemagestakenfrom amoving camera.

We comparethe performanceof SVS as a confidence
metric with five commonly-usedconfidencemetrics: (i)
left/right consisteng (LRC) predictssterecerrorwherethe
left-baseddisparity imagevaluesare not the inversemap-
ping of the right-baseddisparity image values. (ii) The
matching score metric (MSM) directly basesconfidence
upon the magnitudeof the similarity value at which the
stereomatcherfinds that left and right image elements
match. (iii) The curvature metric (CUR) marksdisparity
pointsresultingfrom flat correlationsurfaceswith low con-
fidence. (iv) The entropy-basedconfidencescore (ENT)
predictssterecerror at pointswherethe left imagehaslow
imageentropy. (v) The peakratio (PKR) estimateserror
for thosepixelswith two similar matchcandidatesA brief
comparisorof thefive metricscanbefoundin Tablel.

1.2 Previous Work

Unlike muchresearclon stereoperformancewe do not
attemptto compardifferentsterecalgorithmsto seewhich
is best[10, 5, 24, 29, 9]. Also, we do not attemptto find
theoreticalimits to steregperformancd4, 8, 19).

Instead,our currentresearchdealswith on-line confi-
dencemetrics which predict errors within secondsfor a
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Table 1: A Comparisorof Five ConfidenceMetrics. The
tablelists variouserror sourcesand indicateswith a’'D’
which confidencenetricscandetecterrorsdueto theerror
source.

givensystem.Within the confidencanetricfield, therehas
beenmuchresearchResearchhathasconsideredeft/right
consisteng includes[33, 18, 7, 20, 15, 32]. Previous re-
searchinto the matchingscore metric includes[12, 30.
Researcherthat have examinedcurvaturemetricsinclude
[13, 1, 2], andresearcHooking at entropy-lik e stereocon-
fidencemetricsincludes[16, 26]. Previous work with the
peakratio includes[18, 28]. More generalresearchinto
on-line error diagnosisincludes[34, 17, 31]. In perhaps
the mostsimilar approacho ours,Leclerc,LuongandFua
[17] have shavn the effectivenessof the self-consisteng
approachto estimateconfidence. SVS differs from self-
consistengin thatSVShasagroundtruthanddoesnotrely
ontheagreemenbdf multiple matchingprocesseto predict
performanceOthersteregerformanceesearctiocuseon
modelingthe effect of sensoterrorson stereo[14] andsta-
tistical techniquego estimatestereadisparity[22, 21].

In orderto verify stereoperformancepneneedsyround
truth. The oldestsourceof groundtruth comesfrom arti-
ficial imagerythat hasadditive noisefrom a known distri-
bution [23, 11]. While easyto generateand accuratethis
imagerydoesnotaccuratelymodeltherealworld situations
that most stereosystemsface. A secondapproachmanu-
ally estimateglisparitiesin laboratoryimages25, 10, 27].
This groundtruth measurestereoperformancebetter but
doesso at a greaterlabor costand a correspondingmall
lossin accurag. A third approachmeasures 3D scene
from theactuallocationin which the sterecsystemwill op-
erate.Most avoid this option dueto the extremelyhigh la-
bor cost, but laserscanshave madethis task easier[24].
Recently Szeliski[31] hasproposeda nenv approachus-
ing view-predictionasa measuremergchemewith ground
truth. Thisapproacttatersspecificallyto theview synthesis
applicationandcomparesa synthesizedmagewith theac-

tual imagein thatlocation. Although somehave usedSVS

asgroundtruth[3], SVShasnotbeentestedasa confidence
metric. In this paper we usea manually-obtainedyround
truth to find the actualstereoerrorsso that we can verify

the confidencemetrics’estimates.

In light of previouswork, our main contributionsin this
report are (i) to shov how SVS can be usedas an on-
line confidencemetric and (ii) to quantitatvely evaluate
and comparethis new confidencemetric with five more-
traditional confidencemetrics on a uniform basis. We
usethreedatasetseachcomprisedof a stereopair of im-
agestakenin alaboratorysetting,to gain understandingf
thedifferentperformanceharacteristicef eachconfidence
metric. Using manually-obtainedroundtruths, we check
wherethe sterecactuallyfails, andwe verify how well each
confidencemetric predictsthefailuresandcorrectmatches.

2 Implementation

2.1 SingleView Stereo(SVS)

We proposeusingsingleview stereoresultsasa pixel-
wise confidencemetricfor binocularstereo.The algorithm
hasthreesteps:(i) runthesterecalgorithmon two different
imagestakenfrom the sameview in closetemporalsucces-
sion. Sincethe epipolargeometryis singularwith only one
view, we rectify bothimagesasif they wereleft imagesin
the binocularcaseand searchalonga horizontalscanline.
(ii) Labelthe errorsin the outputfrom stepone,wherean
erroris amatchoutsideathresholdnterval aroundzerodis-
parity. (iii) Eacherrorin the SVS outputpredictsfailure at
the samepixel locationfor a binocularsterecsystemincor-
poratingthe view usedin thefirst step. For example,if the
left cameraakestwo picturesin quicktemporalkuccession,
we canrun stereocon the two left imagesto generateonfi-
dencedatafor the samelocationin the left/right stero. The
reverseexampleusestheright-basedSVSresultsto predict
right/left steregperformance.

Sensomoises suchasCCD noiseandframegrabberjit-
ter, aretheprimarydifferencebetweerthetwo SVSimages.
Sincethesenoisesourcesalsoexist betweerthe binocular
camerasfailure on SVSimageryshouldpredictfailure on
binocularimageryat the samelocation. If we definesignal
asimagestructurethat arisesfrom the sceneand noiseas
imagestructurethatarisesfrom othersourcesthenonecan
view SVS asa measureof signalto noise. In areaswith
low signal where noise dominatesthe scene-basednage
structure SVSshouldreturnalow confidencescorefor the
stereomatcher Any stereosystemcanusethis confidence
metricbecaus&VSuseshe samesterecalgorithmthatthe
binocularstereosystemuses.Moreover, the computational
expenseis tolerablefor mary applications;SVS requires
oneextra matchingprocess.

In practice,mary stereosystemsarein motion, andthe
disparity of the two successie monocularimagesmay not
bezero. Still, the SVSdisparityvaluesshouldbe smalldue
to thelimited motionbetweerthe two images.To compen-



satefor this motion, onecanrelaxthe thresholdn labeling
SVSerrors. For example,the disparitiesin the singleview
sterearesultsmight be allowedto vary up to 3 pixelsin ei-
therdirection,beyondwhich the systemlabelsthe matches
aserroneous.Of course this disparity relaxationdepends
on the systemparameters.A fastframe rate and distant
scenerywill reducethe disparitybetweensuccessie cam-
eras. In this paper we testthe SVS confidencemetric on
still camerasandthe disparityshouldbe exactly zeroatall
SVSimagepixels.

In our study we employ a basicscanline-searcbktereo
algorithm. Sincewe only aim to measurenternal confi-
dence and not compareour stereoapproachwith others,
the absoluteperformanceof our algorithmis lessrelevant.
Following rectification theimagesarefilteredwith aLapla-
cianoperatof6], accentuatindnigh frequengy edgesNext,
the matchercalculates’x7 windowed modifiednormalized
cross-correlationalues(MNCC) for integral shifts,where

2 Cov(X,Y)

Var(X) + Var(Y)

The disparity is the shift of eachpeak MNCC value.
Subpixel peaklocalizationis madevia interpolationwith
a quadraticpolynomial. For the tests,both the binocular
stereoand SVS algorithm searchalong scanlinesn a dis-
parity rangeof +20 pixels.

2.2 Left/Right Consistency(LRC)

Our implementatiorof left/right checkingrelieson the
consisteng betweenleft-basedand right-basedmatching
processesThematchingprocesseshouldproduceaunique
match,andleft/right checkingattemptgo enforcethis. For-
mally, if zg matchest, = zg + de, wherezg is aright
coordinateandz’, is anestimatedeft matchat right-based
horizontaldisparityde, thenLRC is definedas

MNCC(X,Y) £

Error = zg — (27, + di’/L),

with di, theleft-basechorizontaldisparity

Whentheerroris high,thentheconfidencas low. A low
scorecorrespondso the situationwhenthe left andright-
basedmatchedlisagreesignificantly
2.3 Matching Score Metric (MSM)

The matching score metric usesthe similarity score,
Sumaz, at the disparity where the matcherhas chosena
match. MSM estimatesvhetherthe matchwas successful
or notbasednthis score.Intuitively, alow similarity score
meanghatthematcheiitself doesnotbelieveits bestmatch
wasvery good. Therangeof MSM is limited to the range
of the similarity metric, which in the caseof normalized
cross-correlatiors [—1, 1].

2.4 CurvatureMetric (CUR)

The curvaturemetric measureshe curvatureof the sim-
ilarity function aroundthe maximalsimilarity scoreSas,.
andusestheformula:

Curvature = 2Sn1qz — Steft — SRight

whereS.s; andSgign: arethesimilarity scoreso theleft
andright of Sar.,. Whencurvatureis low, CUR predictsa
falsematch. A low curvaturescorehappensn low-texture
regions,wherenearbyvaluesappeato besimilar.

2.5 Image Entropy (ENT)

The image entrofy metric relies on the intuition that
stereoworksbestin high texture areas.Entropy, muchlike
MDL [16], measuregmagetexture. If we assumehe pixel
values X are discreterandomvariables(RVs) with point
massfunction P, thenwe candefinethe entropy H:

H(X) £ —Ex|log(P(X))]

An intuitive descriptionof entropy is thatit measurethe
randomnessf aRV. A low entropy meanghatthe average
probability over the supportsetfor a givenRV is low. For
example,a constantegionin animagehasa onepointdis-
tribution, and thus a lower entropy thana highly textured
region. Sincelow texture causegroblemsfor mary stereo
systemsa low entrogy scorecanbe usedto predictstereo
error. In ourimplementationwe usea 20 bin histogramto
measureghe probability function of a 7x7 supportwindow
aroundeachpixel.

2.6 PeakRatio Metric (PKR)

Ideally, a matchshouldbe unique,andPKR attemptso
enforcethis by rejectingarny matchwith morethanonesim-
ilar candidate. The peakratio metric computesthe ratio
of the two mostsimilar matches,Ssecondmaz and Saraz.
Whentheratiois closeto one,PKR predictsa falsematch.
When the ratio is small, PKR indicatesa unique match,
which is ostensiblyan accuratematch. Typically, the peak
ratiois highin areasof repetitve structureandlow texture.
2.7 Comparison Methodology

For the comparisonsye first obtainandrectify a stereo
pair, from which we manuallyconstructa groundtruth at
integer resolution(seeFigure 2). We usethis groundtruth
to verify our confidencanatchpredictions.First, we mea-
surewhereour stereocalgorithmhasmatchecdbadly, count-
ing any matchwithin 1 pixel of thetruthasvalid. Unmatch-
ablehalf-occlusionpoints,deadpixelsandboundarypoints
are excludedfrom the statistics. We electto usea binary
hit/miss scoringsystembecauseén the currentcontext we
feel thatoncea matchis erroneousit is matchinga wrong
partnerandthedirectionandmagnitudeof theerrorisirrel-
evant. After calculatingwherethematchemactuallyfails, we
calculatewhereeachconfidencenetricestimatedailure.

We characterize¢he performancenf a confidenceametric
usingtwo numbers:the errorand matchpredictionproba-
bilities - theconditionalprobabilitythatthebinocularstereo
actually producesan error (match) given the confidence
metric predictsan error (match). We choosetheseproba-
bilities ratherthanoverallnumberof predictionhitsbecause
they measurdalsepositivesandfalsenegativesandbecause
they normalizetheresultsfor easycomparison.The proba-
bility is arealisticmeasuréecausét quantifiestheimpact
if a systemalwaystruststhe error estimatef a particular
confidencemetric.



Figure?2: SteredError MeasurementJsinggroundtruth,
we measurevherethe stereosystemfails. The top row
containghefirst teststeregpair. The sterearesultsareon
bottomleft, with a manually-obtaine@round-truthto the
right. The groundtruth labelsandexcludesunmatchable
points,including half-occlusionandboundarypoints.

3 Results

This sectionshows quantitatve and qualitatve compar
isonsof SVSperformanceelative to otherconfidencemet-
rics. The dataseffor thesecomparisonsonsistsof three
stereopairs shaving a box, a doll, and a pair of shoes.
Each datasetdemonstrateslifferent aspectsof the confi-
dencemetrics’performanceTheboxdemonstrateaplanar
scenewith hightexture. Thedoll testsetdemonstratehow
the confidencemetricsreactto geometricdifficulties, such
as occlusionboundariesand a searchrangethat is small
with respectto the attendantdisparity The shoesdataset
demonstratesiow the metricsreactto repetitive structure
andlarge areasf low texture.

For eachcase,we run the stereoon two left imagesto
get SVSdata. Then,we run both the left-basedandright-
basedmatchingprocessesn the binocularstereopair. We
calculateENT on therectifiedleft imagebeforethe stereo
matching,andthe MSM, PKR andCUR metricsaregener
atedduringtheleft-basedstereorun. LRC is executedafter
thetwo stereoprocessebave finished.

For a given test, we calculatefalse positives and false
negatives. In this case,a falsepositive is wherethe con-
fidencemetric predictsa stereofailure, but doesso incor-
rectly. A falsenegative is wherethe confidencemetric pre-
dictsasteredhit, but doessoincorrectly Falsepositivesde-
creasethe error predictionaccurag, while falsenegatives
decreasdahe match predictionaccurag. The purposeof
SVSis to predictstereofailure, not successHowever, we
includethefalsenegativesfor completeness.

Thequantitatvecomparisorrankorderseachconfidence
metrics’ estimatesof binocularfailure and plots how well
the metrics predict stereoperformanceas the x axis pro-
gressedrom bestto worstestimatesWe comparethe met-
rics at a given participation rate, by which we meanthe
percenbf the possiblematcheghata confidencanetrices-

timatesthat the binocularstereowill fail. A higherpartic-
ipation rate includeslower confidencepoints. SinceSVS
andLRC do not predictasmary errorsasothers,they will
not produceresultsat higherparticipationrates.For exam-
plein casel, SVSonly predictsthatupto 7% of the stereo
matcheswill be failures. Although this terminationseems
prematurethis is not an error; the metric can not predict
ary moreerrorswithout jumpingto the uselescasewhere
every pointis anerror prediction.Similarly, ENT produces
mary estimatesevenatthelowestthresholdof zero.

3.1 Casel: Box

Thefirst testsetshavs a box on top of anopticalbench
in front of atexturedbackgroundseethe Box setin Figure
3). Althoughthis testsetdoesexhibit featuresvhich cause
stereoerror, suchasa low-texture patchat top andocclud-
ing boundariesiearthe box, the scenehashigh textureand
planarsceneryBoth factorsaid the steregperformancend
allow the confidenceametricsto predictfewer errors.

Qualitatively, one can seethe differencesbetweenthe
confidencemetricsat the top of Figure 3. The figure dis-
playsin white the pixels at which eachmetric predictsthe
stereasystemwill err. For anevencomparisonwe thresh-
old eachmetricsothat7% of the possiblematchesareerror
predictions. The SVS metric correctly predictsthe stereo
errorsin the texturelesspatch at top, and also correctly
labelspointsin the lower portion of the imageas errors.
SVSis not ableto label repetitive structurein this testbe-
causaheholesonthetablearedistinctive enoughthatSVS
matchesorrectlyatthoseregions.LRC labelsmary points
in the top patchastrue matchesfinding that both the left
andright-basednatchingprocessagreeon the falsematch.
LRC countserrorsmadein eitherof thetwo views; so,some
right-basederrorsareintroducedinto the left-basedmatch-
ing errorresults. CUR and PKR mistalenly predicterrors
at correctmatcheghat happento have smoothcorrelation
curves. MSM andENT performswell at this participation
rate,but mistalenly labelafew moreerrorswithin thelower
portionof theimagethanSVS.

The quantitatve resultsfor the Box test are shovn at
the left of Figure4. We presentwo graphs:error predic-
tion attop andcorrectmatchpredictionat bottom. Ideally,
one would like to seetwo traits in thesegraphs: a high-
probability point at high participationandalsoa flat curve
followed by a sharpdescent. The high probability point
indicatesthat the metric can accuratelypredict binocular
sterecerror. Theflat curve indicatesthatthe metricis rela-
tively insensitve to thresholding.

For error prediction,SVS exhibits both positive traits. It
hasa highererrorpredictionprobabilitythanthe othermet-
rics. Although SVS haslower participation,it consistently
estimategrrorswith abose 99%accurag, evenupto a7%
participation. SVS only reaches’% participationbecause
the SVS thresholdrangesfrom +.2 to +20 pixels awvay
from zero. The binocularstereoactually produceserrors
for 32% of possiblematchesandsothe confidencemetrics
would needat leasta 32% participationrateto predictev-



Left Right Actual SVS
Box
LRC MSM CUR ENT PKR
Left Right Actual SVS
Doll
LRC MSM CUR ENT PKR
Left Right Actual SVS
Shoes
LRC MSM CUR ENT PKR

Figure 3: The MissesPredictedby the ConfidenceMetrics. The imagesdisplay the pixels that eachconfidencemetric would
predictasbadmatchesn white, andthe predictionsof correctmatchesn black. Theresultsfor the Box testareat top, the Doll
testin middle andthe Shoessetat bottom. Eachdisplayshavs the stereopair, the actualstereomissesandthe missesredicted

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 repeatedpplication suchas
thatusedin hierarchicalstereo.evensmall predictionerror
compoundsENT performswell, correctlylabelingthe low
textureregions.LRC performswell, but spuriouslypredicts
moreerrorsthanSVSin themiddle of theimage.CUR and

PKR are relatively inefficient at participationratesabove
5%. Also, all confidencealgorithmsasidefrom SVS de-
pendheaily upontheir threshold.SVS’ flat probability of
errorpredictionmalkesits implementatiormucheasier

SVSdoesnotfareaswell whenpredictingcorrectbinoc-
ular matchesasit did whenpredictingerrors. Sincethe er
ror predictionratesof SVSarelow, SVSinherentlypredicts
mary stereomatches.Interestingly SVS performswell at
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Figure 4: Quantitatve Results. Theop row containschartsthatshav how well eachconfidencemetric predictssterecerror, while
the bottomrow containschartsshaving how eachmetric predictsstereosuccess.As the metricspredictmore binocularerror,
their error probability decreasesAs they do this, they predictfewer stereohits, andthe hit probabilityincreasesWe comparethe
metricsatall possibleLRC thresholdevels. NotethatSVSandLRC do not predictasmary errorsasthe othermetrics. The next
availablethresholdwould forcethe two metricsto indiscriminatelypredictall pixelsaserroneous.

this high level of matchprediction, higher than the other
metrics. However, the performancegain is mamginal asall
of themetricscorvergeto the samepoint.

3.2 Case2: Doll

The secondestsetshavs a doll next to a pole (seethe
Doll setin Figure 3). This testdiffers from the previous
onein that the subjectis non-planay the backgroundhas
lesstexture, andthe poleis thin with mary occludingbor-
ders.Moreimportantly theheadandchestof thedoll figure
lie outsidethe binocularstereasearchrangeof +2 pixels.
The casedemonstratehow the metricsbehare aroundge-
ometricerrorsources.The error sourcedeadthe binocular
stereao achieve only a 22% matchrate.

Thequalitatve dataliesin themiddleof Figure3. Foran
evencomparisonye thresholdeachmetricto shav thecase
where36%of thepossiblematchesarepredictederrors.As
before,SVS andENT bestpredictthe stereoerrorsin the
texturelessblack patch,and also correctly labelspointsin
the lower portion of the imageaserrors. Unlike LRC and
PKR, the other metricsare not able to label pointson the
doll's chestandheadwherethe matchwasout of the stereo
searchrange. The sameis true for the sterecerrorson the
floor thatareout of rangeandthe sterecerrorsnearthe oc-
cludingboundaryof thepole. MSM andENT performwell
at this participationrate, but mistalenly labelsa few more
errorswithin the backboardhanSVsS.

The quantitatie resultsfor the Doll testareshovn in the
middleof Figure4. SVShasahighererrorpredictionprob-
ability thanthe othermetrics,bolsteredby its performance
aroundthe black background. The closestcompetitorsto
SVS, MSM and ENT, perform at a slightly lower proba-
bility. LRC performswell, but spuriouslypredictsmore
errorsthan SVS 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 the bottomof the figure, SVSis the top
performerin predictingcorrectstereomatchesalbeit at a
low rate of error prediction. SVS outperformsthe other
metricsonly in the areaof the blackbackgroundandeven
thoughit predictstoo mary matchegtoo few errors)in the
areaof the doll, its overall rateis highest. MSM andENT
have a high matchpredictionratefor similar reasonsLRC
is ableto correctlypredictmatchesn the areaof the doll,
but over-predictsmatchesn the black backgroundputting
LRC third to MSM andSVS.

3.3 Case3: Shoes

The last testsetshows a pair of snealersin front of a
racquet(seethe Shoessetin Figure 3). This testdiffers
fromthepreviouscasesn thattheobjectsexhibit significant
repetitve structureandthe imagehasa large areawithout
texture. Suchtestimagerymay realistically simulatethe
low texture patchesgoundin outdoorurbanterrainor scenes



with large patchesof sky. Theseerror sourcescausethe
binocularstereao achieve only a 15% matchrate.

The qualitative datais at the bottomof Figure3. For an
even comparisonwe thresholdeachmetric sothattheim-
agesdisplay the casewhere 62% of the possiblematches
are predictederrors. The SVS and ENT metricsperform
bestin the texturelesslack patch. Unlike MSM andENT,
SVSpredictssterecerrorin therepetitve patternof therac-
quetstrings.SVSperformswell in this areabut notaswell
asit normally doesin the low-texture regions. Becausehe
repetitive structureis rarelyanexactrepeatwhile the same
structureatthe samepointis, thezerodisparitysolutionhas
astrongtendeny to beatouttheshift-by-one-gcle solution
for SVS.PKRis ableto labelthe repetitive structureof the
tennisracquet.LRC detectserrorsbothin the background
andin therepetitive structureof theracquet.CUR hashigh
confidencen theracquetface,but overpredictserrorin the
front of thetop shoe.

The quantitatie resultsfor the Shoestestare shovn at
theright of Figure4. SVSerrorpredictionsin therepetitve
structureof the racquetare correctoverall, but at a lower
probability than error predictionsin the texturelessareas.
For this reason,SVS dropsto 98% probability and scores
third to MSM andENT in predictingsterecerror. LRC pre-
dicts errorswell in both the areaof the racquetfaceand
the backgroundput producedalseerror predictionswhich
putsits errorpredictionprobabilitynear97%,or fourth. All
algorithmshave a flat curve, which signalstheir insensitv-
ity to thresholding.Whenpredictingmatchesthe methods
performsimilarly. SVS doesnot achieve the samematch
predictionrateof MSM andENT becausgherepetitve er-
ror structureof theracquefacecausessVSto errslightly.

3.4 GroupedResults

To quantify exactly which types of error sourcesthe
metricsare estimating,we manuallysggmentedthe actual
stereomissesinto four groups: out-of-rangeerrors, low-
texture errors, repetitve structureerrors,and other errors
(seeFigure5). We measurdghe successfukerror estimates
for eachmetricin eachof thesecateyories. The plotscom-
parethe metricswhenworking at partipationratesof 7, 36,
and62%for the Box, Doll, andShoescasesrespectiely.

The plots shawv that SVS predictsthe mostlow-texture
errorscorrectlyin all but thelastcasewith MSM andENT
behindSVSin thefirsttwo casesPKRis effectiveatdetect-
ing repetitive structure,especiallyin the shoescasewhere
theracquefacepresentglifficulty for thematcher LRC has
the mosteven performanceacrosserror cateyories,picking
up all four kinds of erroreffectively.

4 Discussion
4.1 Algorithm Results

Each algorithm has different performancecharacteris-
tics. SVS performsbestin regions of low texture. LRC
detectamosttypesof sterecerror(seeTablel), but doesnot
predicterrorwhenthe two matchingprocessesnistalenly
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Figure 5: GroupedError Estimates.For eachtestcase,
theleft imagedepictsthe manuallygroupedsterecerrors,
while the right plot shaws the correctlylabeledsubsebf

errorswheneachmetricestimated, 36,and62%(respec-
tively) of possiblematchegdo be errors. In the manually
groupederrorsimage, the grayscalescorrespondo the
typeof error, where50 meansOut of Range’,150means
‘Low Texture’, 200meansRepetitive Structure’,and255
meansOther’.

agree As evidencedby theblackregionsfor LRC in Figure
3, this happensften. Whenboth matchingprocessesre
accuratel RC predictsfewer falseerrors.Like SVS,MSM
andENT reactto a subsebf the possibleerror sourcesput
dosowith ahighprobabilityof successAll threearepartic-
ularly sensitve to low-textureareasput MSM is alsoableto
detecterrorsfrom moresourcegshanSVSandENT. Future
work includestestingnon-MNCC MSM metrics, suchas
SSD,which may not measurdow texture regionsaswell.
PKR is particularly effective in repetitve structureareas,
but producesnary falsepositivesfor correctmatchesn ar
easof repetitive structure(e.g., shoesdatasetiandfails in
low textureregionswhereerroneousnatchesareunimodal.
CUR hasa significantfalsepositive rate,labelingaserrors
the correctmatcheghathave low cunature.
Theconfidencemetricshave otheradvantagesinddisad-
vantagesMostnotably thenon-SVSmethodsredictmore
error. Labelingmoreerrorswith lessaccurag may some-
timesbe desirable. However, whenevery matchis needed,
the error predictionprobability is moreimportantthanthe
numberof errorpredictionsbecausé woulddiscountfewer
matchesanddo somoreaccurately Anotherdifferencdies
in the metrics’implementation.SVS and LRC do not de-



pendcritically on thresholdingwhich makesimplementa-
tion easier The other confidencemetricsare sensitive to
their thresholdand needto be to be morefinely tunedfor
optimalaccurag. Therunningtime for the metrics’is also
different. The fastestmetric, MSM, requiresno additional
computationsinceit relieson the stereomatchingprocess
itself. CUR and PKR require an incrementalcalculation
during the stereomaximizationphase. SVS and LRC re-
quireanadditionalmatchingprocesswhile ENT requiresa
costlyhistogrammingpperation.
4.2 Summary

In this paper we have presentec new confidencemet-
ric, SVS,which delivershigh probabilityof errorandmatch
prediction,especiallyaroundlow-texture regions. We have
comparedhemetricagainsfive othermetricsLRC, MSM,
CUR,ENT andPKR,underavarietyof laboratorysettings.

The choice of confidencemetric ultimately depends
upon the sceneryat hand and the operationalrequire-
mentsof the system.Whenlow-texture areasdominatethe
scenerySVS hasa high probability of successit alsocan
diagnosdifficulties arisingfrom sensomoiseandperiodic
structure. Whenthe matchingis generallyaccurate] RC
will be a goodconfidencametric becausét reactsto most
errorsourcetypesandbothof its matchingprocesseshould
succeedMSM suitssystemghatrequireextremespeede-
causehe systemalreadyhasto calculatea matchscore.In
thefinal analysisjt maybedesirableo combinethesemet-
ricsto take advantageof their differentstrengths.
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