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Abstract

Objectrecanition froma singleview fails whenthe avail-
ablefeatuesare not sufcient to determingheidentityof a
singleobject,eitherbecausef similarity with anotherob-
jector becausef featuie corruptiondueto clutter andoc-
clusion. Active objectrecaynition systemsaveaddressed
this problemsuccessfullybut they require complicatedsys-
temswith adjustableviewpointsthat are not alwaysavail-
able

In this paperwe investigatehe performancegain avail-
ableby combiningtheresultsof a singleview objectrecqy-
nition systemapplied to imagery obtainedfrom multiple
xed cameas. In particular, we addressperformancein
cluttered sceneswith varying degreesof informationabout
relativecamer pose

We arguethat a propertycommorto manycomputenvi-
sionrecaynitionsystemsyhich weterma weaktargeterror,
is responsiblefor two interestinglimitations of multi-view
performanceenhancementhelack of signi cant improve-
mentin systemsvhosesingle-viav performanceis weak,
and the plateauingof performanceimprovementas addi-
tional multi-view constaintsare added.

1. Intr oduction

Most objectrecognitionsystemsdeterminethe identity of
an object on the basisof the information gatheredfrom
a single image. Typically, a set of featuresis extracted
from animageand comparedagainstthe featuresof train-
ing images,subjectto varying degreesof geometriccon-
straint. There has beenconsiderableresearchinto what
featuresare bestsuitedfor recognition,underwhat condi-
tions,andto whatdegreegeometricconstraintcanbe use-
fully employed. Appearancébasedmethodsderived from
this researchhave beenamongthe most effective to date
[9,10,6,11,7,4,13.

Singleview recognitionfailswhenthefeaturesextracted
from theimagearenotsufcient to con dently identify ary
object. This canhappereitherbecause view of anobject
in the databasdooks very similar to a view of a different

objectin thedatabasepr becausalargenumberof thefea-
tureshave beencorrupteddueto clutterandocclusion.

Onesolutionto this problemis to useinformationfrom
severalviews of theobject. Therehasbeenconsiderablee-
searclonactive objectrecognitionsystemswherethecam-
erais moved aroundthe objectto gatheradditionalviews
until thereis enoughevidenceto obtaina sufcient level of
con dencein an objecthypothesis.More recently Schiele
and Crowley [12] developeda methodfor detectingthe
most salientviewpoints of an objectand usedit to build
an active objectrecognitionsystemwhich movesthe cam-
erato the mostdiscriminantviewpoint of an objectin or-
derto verify the presencef the hypothesizedbject. The
Adore systemdevelopedby Draperet al. [2] dynamically
selectsvision proceduredasedon a Markov decisionpro-
cessmodel. Borotschniget al. [1] combinedeigenspace
objectrepresentationwith probability distributionsto ob-
tain classi cationsthat can be usedasa gaugeto perform
view planning.

While active objectrecognitionsystemsbtaingoodre-
sults, they requirea complicatedand expensve setupthat
is not alwayseasyto achieve. A setupwheretwo or more

x ed camerasare directedtowardsan objectis mucheas-
ier andcanbea partof alargersuneillancesystem.There
hasbeencomparatiely little work on combiningthe evi-

dencefrom staticcameras.Onesuchsystemis the system
developedby Mao et al. [5], which usesa majority voting
schemethat keepstrack of the numberof consistentvotes
castby prototypehypothesesor particularobjectmodels.

In this paperwe investigatehow a single view object
recognitionsystem(presumablyindependentlydeveloped)
canbe usedin a multiple camerasetupto improve object
recognitionresults. The camerasarepresumedx ed, or at
leastnot fully reorientableon-line, andinformationabout
their relative poseand calibrationparametersnay be lim-
ited. In our experiments,we usea previously developed
objectrecognitionsystem[14]; however the approachcan
be usedin conjunctionwith arny objectrecognitionsystem
thatcanreturnseveralhypotheseaboutobjectidentity and
pose.



Section2 describesthe underlying object recognition
systemthat we usein our experiments. Section3 looks
at how the systemdevelopedfor recognitionfrom a single
view can be usedfor multiple view recognition. Section
4 analyzegecognitionresultswhenthe relative positionof
the camerass not known, while Section5 investigateghe
improvementthat canbe obtainedwhenwe have somein-
formationaboutrelative camergposition.

2. The Underlying Object Recognition
System

The recognitionsystemwe usein theseexperimentsis an
image-trainablefeature-basethethodbasen ahierarchy
of perceptuafyroupingprocessefl4]. A 3D objectis con-
ceptualizedsafourth-level group(seeFigurel) consisting
of atopologicallystructuredsetof e xible 2D views, each
derivedfrom atrainingimage.In theseviews, whichrepre-
sentthird-level perceptuafjroups.the visualappearancef
anobjectis representedsa plane-geometricallgonsistent
clusterof several overlappinglocal context regions. These
local context regions representhigh-information second-
level perceptualgroups,and are essentiallywindows cen-
teredonandnormalizedby key rst-le vel featureshatcon-
tain a representationf all rst-level featureshatintersect
the window. The rst level featuresare the resultof rst
level groupingprocessesun on theimage,typically repre-
sentingconnecteatontourfragments.

In moredetail, distinctive local featurescalledkeys, se-
lectedfrom the rst level groupsin our hierarchy seedand
normalizekeyed context regions the secondlevel groups.
In thecurrentsystemthekeys arecontourdragmentsauto-
matically extractedfrom theimage.

The secondevel of groupinginto keyedcontext patches
ampli es the power of the key featuresby providing a
meansof verifying whetherthe key is likely to be part of
aparticularobject.

Even thesehigh information local contet regions are
generally consistentwith several object/posehypotheses;
hencewe usethe third-level groupingprocesso organize
thecontext patchesnto globally consistentlustershatrep-
resenthypotheses@boutobjectidentity and pose. This is
donethrougha hypothesigiatabas¢hatmaintainsa proba-
bilistic estimateof the likelihoodof eachthird level group
(cluster)basedon statisticsaboutthe frequeng of match-
ing context patchesin the primary database.The ideais
similarto amulti-dimensionaHoughtransformwithoutthe
spaceproblemsthat arisein an explicit decompositiorof
the parametespace.ln our case since3D objectsarerep-
resentedby a setof views, the clustersrepresentwo di-
mensionalrigid transformsof speci c views. The useof
keyedcontetsratherthan rst-le vel groupsgivesthevoting
featuressufcient power to substantiallyamelioratewell
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Figurel: Theperceptuagroupinghierarchy

known problemswith falsepositivesin Hough-like voting
schemes.

The systemobtainsa forced-choicerecognitionrate of
97% when trained on imagesof 24 objectstaken against
a cleanblack backgroundover the whole viewing sphere,
andtestedon imagestakenbetweerthetrainingviews, un-
derthe samegoodconditions. The testobjectsrangefrom
sportscarsand ghter planesto snalesandlizards. Some
of themcanbeseenin Figure2. Performanceemaingrela-
tively goodin the caseof clutterandpartialocclusion[8].

Figure2: Someof the objectsusedin testingthe system.

Thefeature-basedatureof thealgorithmprovidessome



immunity to the presenceof clutter and occlusionin the
scene;this, in fact, was one of the designgoals. This is
in contrastto pure appearance-baseghemeshat usethe
structureof the full object,andrequiregoodprior sggmen-
tation.

3. Using Multiple Views

The objectrecognitionsystemthatwe useanalyzesanim-
ageandreturnssereral objecthypothesesontaininginfor-
mationaboutobjectidentity, size(in imagepixels),location
andpose,aswell asa con denceestimate. Whenseveral
views of thesceneareavailable,consistenhypothesefrom
differentviews canbe combinedto obtainobject-in-scene
hypothesesvith highercon dences.The scenehypotheses
with the highestcon dencecanthenbe examined,andap-
propriateactiontaken (for example the hypothesisvith the
highestcon dencemight bereturnedasthe bestguessn a
forced-choicadenti cation task).

Dependingon the camerasetupandthe availableinfor-
mationaboutthe camerasseveralobjectcharacteristicsan
be usedto determinehypothesigonsisteng. The mostim-
portant(andmostobvious)constrainis thatthe sameobject
shouldbe hypothesizedh every view of thesceneThisre-
quires,atminimum,prior knowledge(or atleastlik elihood)
thatall (or most)of the cameradave a particularobjectof
interestin their eld of view. In practice,this information
is oftenavailable,eitherfrom approximatecalibrationanda
roughscenemodel,or from somesort of attentionaimech-
anism.

Furtherconstraintscan be imposeddependingon what
additionalknowledgewe have aboutthe sceneandcamera
setup. If the relative orientationof the camerass known,
thenwe cancheckif the poseshypothesizedn the views
areconsisteniith the cameraposition,i.e. if the rotation
betweenthe camerads the sameas the rotation between
thehypothesizediews. If thedistancerom thecamerado
the objectis known, thenwe cancheckfor consisteng in
scale.Finally, if thecamerasrefully calibratedve canuse
the imagelocationinformationreturnedby the recognizer
to checkif thehypothesesreconsistentith anobjectthat
isin a x edpositionin 3D space Becausef the sensitvity
of imagelocationto cameraorientation this last constraint
is dif cult to useeffectively in practice,unlessthe cameras
areextremelycarefully calibrated.

A primaryresultof theexperimentsescribedn thefol-
lowing is thatin generalat leastfor the scenariosve con-
sidered,thereis a plateaueffect. Additional information
helpsto a certainextent, but generallyimposinga subset
of the available constraintds enoughto achieve the avail-
ableimprovement,and imposingfurther constraintds re-
dundant.Thereasorfor thisis discussedater.

In our experimentswe rst investigatedapplying only

the identity constraint,i.e., two hypothesedrom different
camerasare consideredconsistentif the objectidentities
match. The prior assumptionis that the differentcameras
all containthe objectin their eld of view. In a second
experiment,we assumedin addition, knowledge of cam-
eraorientationanddistancefrom the object. This allowed
usto apply both orientationandscaleconstraintsj.e., two
hypothesesre consistenif the objectidentitiesmatch,if
the relative 3D orientationsare consistentwith the known
relative orientationof the camerasandif the imagescale
measuresire consistenwith the known relative distances.
(As the valuesof theseparameterseturnedby the recog-
nizerareapproximatethe matchconditionfor consisteng
is alsoapproximate.)

The basicalgorithmwe useis asfollows: run the object
recognitionsystemon the imagesobtainedfrom all the
camerasandrequestthe best hypothesedor eachcam-
eraview, where canvary dependingon the performance
of therecognizeiin a certaintype of scenesFor every -
tuple of hypothese®f the scene githerthe hypothesesire
consistenbr they arenot. Moreover, for a consistentuple,
we cancombinethecon dencevaluesto obtainacombined
con dencevalue.We wantto nd theconsistentuplewith
the highestcombinedcon dence. The obviousbruteforce
methodhaspoorperformancdor  greaterthan? (it is ex-
ponentialwith ). Fortunately the methodfor combining
con dencegproducesresultthatis monotonicwith respect
to asumof individualraw scorevaluesassociatedvith each
hypothesisThis allows a dynamicprogrammingalgorithm
to nd thehighestcon dencetupleef ciently . Thefactthat
mosthypothesigairsarenotconsistenproducesdditional
pruning,whichin practicemakesthetime neededor these-
lection processngyligible comparedo the time neededor
therestof therecognitionprocedureThis algorithmcanbe
usedin conjunctionwith arny objectrecognitionsystenthat
reportsseveralhypotheseor eachimage.

4. Matching Object Identity

In our rst testwe only usedthe objectidentity constraint
andlookedattheimprovementn objectrecognitionresults
whentwo camerasare used. Our testsetinvolved 6 dif-
ferentobjects(the sameonesshavn in Figure?2). Thetest
dataconsistedof 150 pairs of imagesper object, 50 pairs
eachwith the cameras20, 45 and 90 degreesapart, with
the pairsdistributed more or lessrandomlyover the view-
ing sphere. The actualprocesdor generatingthe testset
for eachobjectconsistedf taking 50 imagesof the object
evenly distributed over the viewing sphere consideringall
2500pairsfrom this set,andfor eachtestangle(20, 45, and
90) randomlyselectinga subsebf all the pairsseparatethy
approximatelythatangle(plusor minus5 degrees).
Performanceavas evaluatedby comparingROC curves



for single view and 2-view casesfor each object class.
Thesecurvesshaw thedetectiorrateversusthe falsealarm
rate achievablefor the differentapproachesFor eachob-

ject, thetestpairsfor the other5 objectswereusedasneg-

ative examples. This ensuredthat dependenciebetween
views dueto commonstructurenverepresentn the negative

examplesaswell asthe positive examples.(Usingrandom,
uncorrelategairs asthe negative examplescould produce
unrealisticallygoodperformance).

The ROC curvesshawn in this paperwere obtainedby
using the raw scoreto setthe parameterof a Gaussian
performancenodel,anddoing somemodestextrapolation.
Prior testson the distribution of scoresproducedby the
recognitionsystemindicatethatthis Gaussianmodelis rel-
atively accurateoutto atleasttwo standardleviations. This
meanghatthe ROC curvesmaybetakenasaccuratdor de-
tectionratesbelov about99% and missratesabove about
1%. Extrapolatingthe performanceo higherlevelshasnot
beenexperimentallyveri ed, asthe numberof testcaseds
insufcient to doso. Howeverthe curvesareavalid indica-
tor of relativeperformancevenathigherlevels.

As aproofof conceptwe rst lookedattheperformance
onclean,blackbackgroundmagessimilar to thosein Fig-
ure 2. The performancen theseimageswhenusinga sin-
gle view is alreadyvery good, but the useof two cameras
andtheidentity constrainpushedheerrorratesigni cantly
lower. For this experiment,the testcasesat differentan-
gleswerelumpedtogethetto give anideaof overall perfor
mance.

Figures3 and4 shav the ROC curvesfor the two most
dif cult objectsin the databasethe cup andthe toy-rabbit.
Thecontinuoudine shavstheperformancevhentwo views
wereused,while the dottedline shavs the performancen
the caseof asingleview. Theplotsontheright zoomin on
theupperleft cornerof theplotson theleft.

Qualitatively similar improvementin performancewas
obsened for all the other objectsin the database. The
Gaussian- tROC curvesfor someof the otherobjectson
black backgroundsuchasthe car) have kneeswell above
.9999detectionand.0001falsealarmratefor the two-view
casewhich thoughindicative of exceptionallygoodperfor
mance,are out of the rangeof establishedralidity of the
Gaussiaitmodelandthuscannotbe taken asquantitatvely
accurateROC plotsgeneratedavithout the Gaussiaimodel
are completelyuninformatve, as thereis a wide gap be-
tweenthe highestscorefor a negative caseandthe lowest
scorefor a positive case. All this actuallyraisesthe inter-
esting questionof how very high performancedevels can
bevalidatedwithouthuge(i.e., millions of independenim-
ages)estdatabasesThat's anothempaperhowever.

Unmeasurablygood performanceon isolated images
aside,the practicalgoal of combiningviews is to improve
recognitionin clutteredscenesvherethe performanceof a
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Figure 3: ROC comparisonfor cup on cleanbackground
(imageontherightis azoomin ontheimageontheleft)
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Figure 4: ROC comparisonfor toy-rabbit on cleanback-
ground(imageontherightis azoomin ontheimageonthe
left)

thesingle-viav systems considerablyower. Totestthebe-
havior in theseconditionswe acquiredan additionalsetof
imagepairsof objectson clutteredbackgrounds Someof
thesecanbeseenin Figure5. As with theclean-background
experimentthetestsetcontainsl50imagepairsperobject,
50 imageseachwith the camerasat 20, 45 and 90 degrees
apart.In this casehowever, theimagepairsrepresenactual
simultaneouphotosof objectsin clutteredbackgroundsso
thatthe backgroundstructureaswell asthetargetstructure
is correlated. Again, the intentis to avoid unrealistically
high estimatef performanceesultingfrom unwarranted
assumptionsf independencef extraneousstructure.

Figure5: Testobjectson clutteredbackground.

As with the clean-backgroundase recognitionperfor
manceimprovedin all cases.However, the degreeof im-
provementvasconsiderablyessin casesvheresingleview



performancevaspoor (e.g. in the caseof thetoy-bear see
Figure6, top), andmorein caseswvherethe original single
view performancevasbetter(e.qg. in the caseof the plane,
seeFigure 6, middle, andthe sports-camon the bottom of
the same gure). The effect is primarily due to the fact
that poor recognitionperformancen the singleview case
is mostly the result of featuredisruptioncausedoby back-
groundclutter, resultingin low overall evidencescoresin
theobject-presentaseyatherthanbeingdueto high scores
resultingfrom accidentablignmentof clutterfeatures.This
phenomenois anexampleof whatmightbetermedaweak
target error (as opposedo a falseresponseerror). Such
errorsoccurin mary (perhapsvenmost)computervision
recognitionsystems.In our system,the disruptionof fea-
turesis a structuraleffect, andtendsto be correlatedbe-
tweenviews. Henceoverall objectevidenceis low evenif
multiple views areused,andthe con dencein a hypothesis
doesnotincreasesubstantially

The practicalconclusionis that, if singleview recogni-
tionworksmoderatelywell, thenmultiple views canbeused
to signi cantly crankup theperformancéevel. However, if
the single view recognitionperformancds weakto begin
with, thenmultiple views won't redeemthe problem. The
resultis in concertwith generalexperiencein the eld of
recognitionconcerninghedif culty of leveragingmultiple
source®f weakevidenceinto stronghypotheses.

4.1 The Effect of the Relative Position of the
Cameras

In our next experimentwe looked at how the relative po-
sition of the cameraganin uence the performanceof the
system.Theintenthereis not to useinformationaboutthe
camerasn checkinghypothesisconsisteng, but to look at
how performancehangesaswe move the cameradurther
apart. The motivationis therecurringimportanceof the ef-
fect of independencef information. As the camerasnove
furtherapartfrom eachother, the objectviewsthatthey cap-
ture becomeincreasinglydifferentiatedas additional fea-
turescomeinto view. Intuitively, more independentvi-
denceshouldbe available. A particularinstanceof this is
the casewhereoneof the camera®btainsa “pathological”
view of the object(a view thatis very dif cult to recognize
even by humans). The further the secondcamerais from
the rst one,the higherthe chanceto obtaina morerecog-
nizableview.

The predictedeffect is in fact obsenablewith our sys-
tem. We testedseparatelyon the setsobtainedat 20, 45
and 90 degrees. In generalthe performancemproved as
the distancebetweenthe camerasncreasedn both black
backgroundand clutteredimages. There doesappearto
be a thresholdangle,somavherebeyond 40 degrees(and
slightly dependenbn the particularobject) beyond which
performancealoesnotincreasesubstantially This probably
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Figure 6: ROC comparisorfor objectson clutteredback-

ground;top: toy-bear; middle: plane; bottom: sports-car
(plot on the right zoomsin on upperleft cornerof plot on

theleft)

re ects a point at which mostof the featureshave beenre-
placed,or changedshapeto the point that the information
increasehasbeenmaximizedas far as the discrimination
abilitiesof the systemareconcerned.

Figure 7 shaws the performanceat different anglesof
separatiomnimagesof thetoy-rabbitonblackbackground,
while Figure 8 shavs the performanceon imagesof the
sports-caion clutteredbackground.The plots on the right
zoomin on the upperleft cornerof the plots on the left.
Similar variationwith separatioranglewas obsened with
otherobjects.
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5. Matching Object Pose

If the relative position of the camerads known, then ad-
ditional geometricconstraintscan be imposedon the hy-
potheseslUnderreasonableonditionsof obsenation,i.e.,
both camerabservingthe object,from distanceghatare
relatively large comparedo the sizeof the object,the con-
strainton the rotation betweenviews that can be derived
from knowledgeof cameraorientationis reasonablywell
conditioned. In particular if both camerasave the object
moreor lessin the centerof their elds of view, or, more
precisely if the (angular)differencebetweenobjectcenter
andthe cameracenteron the imageis lessthanthe angu-
lar uncertaintyallowed for an orientationmatch, thenthe
conditionon the orientationhasa particularlysimpleform.
Speci cally, two hypothesesre consistenif the 3D rota-
tion betweerthe hypothesizediews is the sameasthe 3D
rotationbetweerthe cameraorientations.The processcan
be modi ed (using camerainformation)to handlesigni -
cantimagedisplacementshouldthis be necessary

A corvenientway to representand comparethesero-
tations, is using unit quaterniong3]. In brief, a quater
nion canbecharacterizedsanorderedpair, consistingof a
scalarpartanda vectorpart: . A rotationabout
ary axis passingthroughthe coordinateorigin (the object
in our case)is de ned by a quaternionwith the following
scalarandvectorparts:

- - 1)

where isaunitvectoralongtheselectedotationaxis,and
is the speci ed rotationangleaboutthis axis. Rotations
canbe composedhroughquaterniormultiplication.

To checkthe consisteng of two single-viev hypotheses,
we corvert, in eachcase the angularposeinformationre-
turnedby the recognizerto a quaternionthat speci esthe
hypothesize®D rotation of the objectin a commonco-
ordinatesystem. From this, a quaternionrepresentinghe
reorientatiorbetweerviews (expressedn the samecoordi-
natesystem)canbe computed.Theknown relative orienta-
tion betweerthetwo camerasanbe expressedsa quater
nion in (oneof the) cameracoordinatesystems.From the

poseinformation returnedby the single view recognizer
this quaternioncanbe corvertedinto the commoncoordi-
natesystemusedto representhe relationshipbetweerhy-
pothesizegoses.

As they are now in the samecoordinatesystem,the
guaternionselatingthe posesandthe cameraotationscan
be compareddirectly. This is done(andthis is the whole
point of the quaternionrepresentationpy multiplying the
posetransformatiorby the inverseof the cameratransfor
mation, and determiningthe rotation angle corresponding
to theresultingunit quaterniontwo timesthe arc-cosineof
therealpart). Thisangleis awell conditionedmetriconthe
differencebetweerthetwo orientationsandis expressedn
unitsin whichwe have knowledgeabouttheaccurag of the
singleview recognitionsystem.Theorientationconsisteng
of thehypothesesanthusbe checleddirectly.

If we know the relative orientationsof the camerasand
thelocationof the hypothesizeabjectsin the eld of view,
we generallyalsohave informationon therelative distance
from the camerago the object. This canbe usedplacea
consisteng constrainbetweerthescaleparameteri pairs
of singleview hypotheses.

To testthe effect of utilizing additionalconstraintsbe-
tween views, we ran an experimentwhere we imposed
the identity, the orientation,andthe scaleconstraints.We
comparedur resultsto the resultsobtainedwhenwe only
checled the object identity constraint. Figures9 and 10
shav the ROC curvesobtainedusing a single view, using
two views with theidentity constraintut without posecon-
straints,and using two views with the the identity, orien-
tation, and scaleconsisteng constraintsfor the planeon
cleanbackgroundandthe ghter on clutteredbackground
respectiely. We obtainedsimilar resultsfor all our objects.
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Forthecleanbackgroundase someadditionalimprove-
mentin performances obsened- perhapsa factorof two
reductionin analreadyextremelylow misclassi cationrate.
However, this is typically signi cantly lessthanthereduc-
tion in misclassi cationobtainedfor just the identity con-
straint. Also, as notedbefore,the numericalaccurag of
someof the extremelylow ratesis uncertain,asthe Gaus-
sianmodelhasnot beenveri ed pasttwo standarddevia-
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tions. For the clutteredscenesfurtherimprovementis es-
sentiallyabsenin all casesgventhe oneswheretheinitial
identity constrainfproducedsubstantiaperformancegains.

This plateaueffect alsoseemso be dueto weaktamget
errors.Speci cally, mary errors,especiallyin the cluttered
scenesreduenotto anaccidentahlignmenthigh-scoring
of clutter structure which additionalconstraintsvould be
expectedo exclude,but to disruptedandhencemissingfea-
turesof thetargetobject.In suchcasesa“correct” hypoth-
esisfor a view is often not even generatedandthusthere
areno consistenhypotheseso standout wheninconsistent
combinationshave beeneliminated. The casesvheregain
is possiblethrougheliminatingfalse,high-scoringmatches
throughmultiple view constraintrelargely caughtwith the
simple identity constraint. At somepoint, errors due to
the non-generated-hygihesisfactor outweighthe remain-
ing errorsthat canbe eliminatedby additionalconstraints.
At this point, the improvementplateaus. This effect will
occur (though possiblyat a different constraintlevel) for
ary recognitionsystemsubjectto weaktargeterrors,even
atverylow frequeng.

6. Conclusions

We presentech methodfor objectrecognitionfrom multi-
ple views basedon combiningthe evidenceobtainedby a
singleview objectrecognitionsystemfrom every available
image. The advantageof sucha methodover active object
recognitionsystemss the simplicity of the setup,andthe
ability to useindependentlylevelopedsingle-viev recogni-
tion systems.The methodcanbe usedin conjunctionwith
ary single-viev objectrecognitionsystemthat obtainssev-
eralobjectandposehypotheses.

We investigatedxperimentallyhow recognitionperfor
manceimprovesin black backgroundand clutteredback-
groundimagesof objectsas different constraintsare im-
posedbetweenthe single view hypotheses. Our results
demonstrat¢éhatthe methodcandramaticallyimprove per
formanceover the single-viev level, with two important,
andinterestingimitations: First, useof multiple views does
notsigni cantly performancef singleview performancés

weak.Secondthebene tsof imposingconstraintbetween
views plateau,so that usingadditionalavailable constraint
information, doesnot necessarilyproducea concomitant
improvementin performance. We arguedthat both limi-
tationsarise from a propertycommonto mary computer
vision recognitionsystemsthatwe term a weaktarmget er-
ror.
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