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Abstract

Appearance-basedobjectrecognitionsystemsrelyontrain-
ing from imagery, which allows the recognition of objects
withoutrequiringa 3D geometricmodel. It hasbeenlittle
exploredwhethersuch systemscanbetrainedfromimagery
that is unlabeled,andwhetherthey canbetrainedfromim-
agery that is not trivially segmentable.

In this paperwepresenta methodfor minimallysuper-
visedtrainingof a previouslydevelopedrecognitionsystem
from unlabeledand unsegmentedimagery. We showthat
thesystemcansuccessfullyextendan objectrepresentation
extractedfromoneblack backgroundimage to containob-
ject featuresextractedfromunlabeledclutteredimagesand
canusetheextendedrepresentationto improverecognition
performanceona testset.

1. Intr oduction
Appearance-basedsystemshave provenquitesuccessfulin
recognizing3D objects. They typically rely on training
from labeledimagery, which allows the recognitionof ob-
jectswithout therequirementof constructinga 3D geomet-
ric model. It hasbeenlittle exploredwhethersuchsystems
canbetrainedfrom imagerythat is unlabeled,andwhether
they canbe trainedfrom imagerythat is not trivially seg-
mentable.

A recognitionsystemthat could be trainedfrom either
unlabeledor unsegmentedimagerywould be valuablefor
reducingthe effort requiredto obtain a training set. Of
greaterpracticalimpact,a3D recognitionsystemthatcould
betrainedfrom clutteredimagerywouldbeusefulfor auto-
matic,object-level labelingof imagedatabases,which is an
importantoutstandingproblem.

1.1. Appearance-BasedObject Recognition
Systems

Oneof the �rst appearance-basedsystemswastheonede-
velopedby Poggiothat recognizedwire objects[?]. Rao

andBallard [?] describean approachbasedon the memo-
rizationof theresponsesof a setof steerable�lters. Mel's
SEEMOREsystem[?] usesa databaseof storedfeature
channelsrepresentingmultiple low-level cuesdescribing
contourshape,color andtexture. SchieleandCrowley [?]
usedhistogramsof the responsesof a vectorof local lin-
earneighborhoodoperators.MuraseandNayar[?] �nd the
major principal componentsof an imagedataset,and use
the projectionsof unknown imagesonto theseas indices
into a recognitionmemory. Thisapproachwasextendedby
HuangandCamps[?] to appearance-basedpartsandrela-
tionshipsamongthem. WangandBen-Arie [?] wereable
to do genericobjectdetectionusingvectorialeigenspaces
derived from a small setof modelshapeswhich areaf�ne
transformedin awideparameterrange.Theapproachtaken
by Schmidand Mohr [?] is basedon the combinationof
differentialinvariantscomputedat keypointswith a robust
votingalgorithmandsemilocalconstraints.

1.2. Previous Work on UnsupervisedTraining
of 3D RecognitionSystems

A systemthat is trainedfrom unlabeledimageshasto be
ableto performunsupervisedclusteringof multiple views
into multiple objectclasses.In their approach,Ando et al.
[?] observed that althoughthe input dimensionof suchan
imagesetis very high, theview dataof anobjectoftenre-
sidesin a low-dimensionalsubspace.Their strategy is to
identify multiple non-linearsubspaceseachof which con-
tainstheviewsof eachobjectclass.A similarapproachwas
takenby Basriet al. [?]. Their methodexaminesthespace
of all imagesandpartitionsthe imagesinto setsthat form
smoothandparallelsurfacesin this space.Nearbyimages
aregroupedinto surfacepatchesthat form the nodesof a
graph.Furthergroupingbecomesa standardgraphcluster-
ing problem.

In both casesgood resultsare obtainedonly if a very
large number of clean, segmentedimages, or even se-
quencesof imagesareconsidered.This is not surprising.



If thenumberof imagesis high, clusteringis affectedby a
phasetransitionphenomenon:whenthe parametersof the
imagesetreachacertainvalue,thetopologyof thenetwork
suddenlychangesfrom smallisolatedclustersto agiantone
containingverymany nodes[?, ?].

The unsupervisedlearning methodsdiscussedabove
werebasedon computingdistancesbetweenimages.Basri
etal. [?] useasimilarity measurebasedonthedistortionof
salientfeaturesbetweenimages.GdalyahuandWeinshall
[?] usea curve dissimilaritymeasure.Thedisadvantageof
suchsimilarity measuresis that they generallyrequirefull
objectsegmentationandcannotdealwith scalechanges.

Weberet al. [?] developeda systemthat learnsobject
classmodelsfrom unsegmentedclutteredscenes. Their
methodautomaticallyidenti�es distinctivepartsin thetrain-
ing set by applyinga clusteringalgorithm to patternsse-
lectedby aninterestoperator, andthenlearnsthestatistical
shapemodelusingexpectationmaximization.However, the
methodrequiresimagesto be labeledasto the objectthat
they represent.

1.3. Curr ent Work on Training fr om Unla-
beledCluttered Images

While there has beenwork on unsupervisedtraining of
recognitionsystemsfrom clean,segmentedimages,andon
supervisedtrainingfromclutteredimages,therehasbeenno
work to our knowledgeon unsupervisedtrainingof object
recognitionsystemsfrom clutteredimages.

In this paperwe presenta methodfor minimally super-
visedtrainingof a recognitionsystemfrom unlabeledand
unsegmentedimagery. We usean object recognitionsys-
tem developedpreviously [?], and train it on one labeled
blackbackgroundimageof anobjectanda setof unlabeled
clutteredimages.Weshow thatthesystemcansuccessfully
classifythemajorityof clutteredimagescontainingtheseed
objectandcanextendtheobject's representationusingfea-
turesfrom theseimages.Usingthisrepresentation,recogni-
tion performancebecomessigni�cantly betterthantheper-
formanceobtainedby trainingthesystemonly on theblack
backgroundseedimage.

2. The Underlying Object Recognition
System

The recognitionsystemwe adaptis basedon a hierarchy
of perceptualgroupingprocesses[?]. A 3D object is a
fourth-level group(seeFigure1) consistingof a topologi-
cally structuredsetof �e xible 2D views,eachderivedfrom
a training image. In theseviews, which representthird-
level perceptualgroups,thevisualappearanceof anobject
is representedasa geometricallyconsistentclusterof sev-
eraloverlappinglocal context regions. Theselocal context

regionsrepresenthigh-informationsecond-level perceptual
groups,andareessentiallywindows centeredon andnor-
malizedby key �rst-level featuresthatcontainarepresenta-
tion of all �rst-level featuresthatintersectthewindow. The
�rst level featuresaretheresultof �rst level groupingpro-
cessesrun on the image,typically representingconnected
contourfragments.

3D object
representation of

LEVEL  I

LEVEL  II

LEVEL  III

LEVEL  IV

image

curves

context patches

2D views

Figure1: Theperceptualgroupinghierarchy

In moredetail,distinctive local featurescalledkeys, se-
lectedfrom the�rst level groupsin our hierarchy, seedand
normalizekeyedcontext regions, the secondlevel groups.
In the currentsystem,the keys arecontoursautomatically
extractedfrom theimage.

Thesecondlevel 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 context regions are
generallyconsistentwith several object/posehypotheses;
hencewe usethe third-level groupingprocessto organize
thecontext patchesintogloballyconsistentclustersthatrep-
resenthypothesesaboutobject identity andpose. This is
donethrougha hypothesisdatabasethatmaintainsa proba-
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bilistic estimateof the likelihoodof eachthird level group
(cluster)basedon statisticsaboutthe frequency of match-
ing context patchesin the primary database.The idea is
similarto amulti-dimensionalHoughtransformwithoutthe
spaceproblemsthat arisein an explicit decompositionof
theparameterspace.In our case,since3D objectsarerep-
resentedby a set of views, the clustersrepresenttwo di-
mensionalrigid transformsof speci�c views. The useof
keyedcontextsratherthan�rst-levelgroupsgivesthevoting
featuressuf�cient power to substantiallyamelioratewell
known problemswith falsepositivesin Hough-like voting
schemes.

The systemobtains a recognition rate of 97% when
trainedon imagesof 24 objectstakenagainsta cleanblack
backgroundover the whole viewing sphere,andtestedon
imagestaken betweenthe training views, underthe same
goodconditions. The test objectsrangefrom sportscars
and�ghter planesto snakesandlizards.Someof themcan
beseenin Figure2. Performanceremainsrelativelygoodin
thecaseof clutterandpartialocclusion[?].

Figure2: Someof theobjectsusedin testingthesystem.

Thefeature-basednatureof thealgorithmprovidessome
immunity to the presenceof clutter and occlusionin the
scene;this, in fact, was oneof the primary designgoals.
This is in contrastto appearance-basedschemesthatusethe
structureof thefull object,andrequiregoodprior segmen-
tation.

3. Minimally SupervisedTraining

Thebasicideabehindour currentwork is thatif therecog-
nition systemis trainedon one view of an object, it will
be able to recognizeviews that are topologicallycloseto
the original view. After addingtheseviews to the object
representationsthe systemwill be able to recognizeaddi-
tionalviewsin aniterativeprocess.Thiswill leadto thede-
velopmentof clustersof views characterizingeachobject,
clustersthatideallywill beableto cover theentireviewing
sphere.

3.1. Training fr om Clean Images
Asavalidationexperiment,weusedacorpusof clean,black
backgroundimagesof objects(someof themseenin Figure
2). The imagesweretakenat about20 degreesapartover
theviewing sphere.

We seededthe recognitionsystemwith a single black
backgroundimageof an objectandthen iteratively found
thebestmatchto thecurrentrepresentationover theentire
corpusand rebuilt the object representationincorporating
thenew image.We stoppedtheprocedurethe�rst time an
incorrectimagewasattracted.Theoverall procedureis es-
sentially a minimum spanningtree algorithm, which is a
standardclusteringtechnique.In practice,the �

�

complex-
ity of this algorithm,which would bea problemwith large
databases,canbeavoidedby modifying therepresentation
assoonasa “goodenough”matchis found.

Usingthisalgorithmweattractedaround50%of theim-
agesof eachobjectto therepresentationbeforemakingthe
�rst incorrectclassi�cation. Figure3 shows the seedim-
agefor the sports-carand someof the sports-carimages
attractedto the representationthroughthis method.It also
showsthenon-sports-carimageattractedatthelaststepthat
stoppedthe growth process.The imageis actuallyan odd
view of thetoy-rabbit,onethatinterestingly, looksabit like
thesports-car.

Figure3: Top: Seedimageof sports-carfor propagationex-
perimentandterminatingnon-carimage.Bottom: Car im-
agesattractedto therepresentationduringtheexperiment.

To improve the performanceof the systemwe experi-
mentedwith a denserimageset.Sucha setwould increase
thepercentageof imagesattractedto objectrepresentations
by reducingthenumberof isolatedviews thatarevery dif-
ferentfrom theotherviews. Many of ourobjects,including
thecarandtheaircraft,havealocusof relatively “patholog-
ical” views aroundtheequator, whereappearancechanges
veryrapidlyandrecognitionis moredif�cult. This is dueto
a “�attened” axisin the3D shape,which is a commongen-
eralproperty. To investigatetheeffect, we acquiredanad-
ditional imagesetfor thecarandaircraft,with thedistance
betweenviews decreasingin anadaptive fashion,reaching
5 degreesat the equator. Learningperformanceimproved
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signi�cantly in this case,andmorethan90%of theimages
wereattractedto objectrepresentationsbeforeanincorrect
classi�cationwasmade(94.6%of thesports-carimagesand
91.9%of the�ghter imageswereattracted).

Figure4 shows the treeby which the sports-carviews
attractedeachotherto thegrowing representation.The371
sports-carimagesin the corpusrepresentonehemisphere,
andarerepresentedby squareson thepolarcoordinatesys-
tem in the �gure. Dark squaresrepresentimagesattracted
to the representationprior to the �rst falsematch. Arrows
show the topologyof the growth process. The attraction
processgenerallyoperatedbetweenclosegeometricneigh-
bors,with the exceptionof someviews separatedby 180
degreesthatwerematcheddueto thesymmetricalshapeof
the car. The imagesnot attractedto the representationare
pathologicalviews that couldnot be matchedto any other
viewsof theobject.

0

090

270

20 40 500 0 0 90
0

0
0

1800

Figure4: Treeby which training imageswereattractedto
representationduringgrowth process.

Furtherresultson training from black backgroundim-
agescanbefoundin [?].

3.2. Training fr om Cluttered Images
As mentionedin the introduction,a systemtrainedfrom
cluttered imagery would be an important step towards
object-level labelingof imagedatabases.A methodsimilar
to theoneusedfor clean,blackbackgroundimagescanbe
usedfor minimally supervisedtraining from clutteredim-
agesaslongaswehaveawayto segmenttheobjectfeatures

from thefeaturescomingfrom clutter. This is very impor-
tantsincefeaturesarisingfrom cluttercouldbematchedto
featuresfrom otherobjects,giving usfalsepositives.

We startby seedingthesystemwith aclean,blackback-
groundimageof the object. The recognitionsystemwill
beableto recognizetopologicallycloseviews of thesame
objectevenif they aretakenagainstclutteredbackgrounds.

Thedif�culty is to extract the featuresbelongingto the
objectfrom theimageandaddonly thoseto theobjectrep-
resentation.Adding clutter featureswould corrupttherep-
resentationandtheobjectmodelwouldnolongerbeuseful.
An obviousway of extractingtheobjectfeatureswould be
to �nd theobject'soccludingcontourandextractall thefea-
turesinsidethecontour. Thedif�culty , of course,is �nding
thiscontourin ourdataset.

Theoccludingcontourof theobjectin theseedimageis
easytoobtain.Sincetheseedimageis takenagainstaclean,
blackbackground,we cansimply thresholdthe imageand
extract the contourof the white blob. Subsequentimages
however arecluttered,and thusmoredif�cult. The posi-
tion of the object is known from the outputof the object
recognitionsystem. But as the objectchangesits appear-
ancein theseimages,theshapeof thecontouralsochanges.
Thetransformationthatmorphsthemodelview into thenew
view canbeusedto �nd thecontourof thenew view of the
object.We can�nd this transformationusinga deformable
templatesalgorithm.

To dothis,weusearelatively genericalgorithmadapted
from the methodof Jain et al. [?]. In this methodthe
prior shapeof the objectof interestis speci�ed asa tem-
platecontainingedge/boundaryinformationin the form of
a bitmap. Deformedtemplatesare obtainedby applying
parametrictransformsto the prototype,andthe variability
in theshapeis achievedby imposinga probabilitydistribu-
tion ontheadmissiblemappings.Thegoalis to �nd, among
all suchadmissibletransformations,theonethatminimizes
theBayesianobjective function
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positionsandgradientdirectionsin the input imageto the
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originalgrid canbeseenon theleft.

Figure5: Original grid (top left) and deformedgrids for
differentvaluesof m andn

In our implementationof thisalgorithm,westartedwith
thepositionandshapeof thetemplategivenby therecogni-
tion processasinitial estimatesandwe performedgradient
descenton the scale,rotation,translationanddeformation
parameters,trying to minimize the objective function. An
examplecan be seenin Figure6. The imageon top is a
clutteredimageof a toy-bear. Thebottomleft imageshows
thetoy-beartemplatetheimagewasmatchedto, in thesize
andpositiongiven by the objectrecognitionprocess.The
bottomright imageshowsthetemplateafterthedeformable
templatesalgorithmwasperformed.

Figure6: Top: clutteredbearimage.Bottomleft: original
templatein green.Bottomright: deformedtemplatein red

Assumingthattheobjectrecognitionproceduregivesus
a reasonablestartinghypothesis,this deformabletemplates
algorithmwill �nd a transformationbetweenthemodelob-
ject andtheobjectin theclutteredimagethatmatchesim-
ageto modelfeaturesmuchmorecloselythanis speci�ed
byourrelativelygenericrecognitionprocedure.Wewill use
this transformationto �nd theobjectcontourin theimage.

Most of theobjectfeatureswill be insidethis deformed
contour. But the object can have additionalfeaturesthat
arenot inside this contoursincethey werenot presentin
the original model(for example,an emerging handleon a
cup). Theseneedto beaddedto theobjectrepresentation.
To addressthis problemwe alsoaddthe featuresthat are
closeenoughto the deformedcontourandarelongerthan
a speci�edthreshold.An exampleof thefeatureextraction
processcanbe seenin Figure7, that shows a view of the
sports-caron a clutteredbackground,the curvesextracted
from the imageandthe curvesjudgedasbelongingto the
object.

Figure7: Top: Clutteredimageof sports-car. Bottomleft:
Curvesextractedfrom image.Bottomright: Curvesadded
to sports-carrepresentation.

Sincethenew view canmissfeaturesthatwerepresentin
themodel,or canhave additionalfeaturesthatwerenot in
the model,the contourmodi�ed throughdeformabletem-
plateshasto be updatedto re�ect the object featuresex-
tractedfrom theimage.We do this by runninga variantof
the snakesalgorithmon the (alreadydeformed)occluding
contour[?] usingthenewly extractedobjectfeatures.This
pulls the contourmuch more tightly than the deformable
templatedid, but it cannotbeusedwithout theintialization
andfeature�ltering providedby thatstep,dueto thedensity
of clutterin theimages.

This approachto snakes is more stablethan the origi-
nal version[?], it is �e xible, allows hardconstraints,and
runs much fasterthan the dynamicprogrammingmethod
[?]. Theunderlyingmethodis agreedyalgorithmthatmin-
imizestheenergy expressedsimilarly to Kass'method:
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thepointson thecurve) causesthe curve to shrink,asthis
is actuallyminimizing thedistancebetweenpoints. It also
contributesto theproblemof pointsbunchingup on strong
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portionsof thecontour. To avoid this, themethodusesthe
differencebetweentheaveragedistancebetweenpoints, �

�

,
and the distancebetweenthe two points underconsider-
ation: �
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� arethe maximumandminimumgradientsin the
point'sneighborhood.

Figure8 showsanexampleof how thesnakesalgorithm
modi�es thecontourof thecupgivena setof curves. The
handlein the model hasno supportin the image,so the
contourshrinkscloserto theobjectfeatures.

Figure8: Resultsof thesnakesalgorithm.Top: cupcurves.
Bottom:originalcontour(left, in red)anddeformedcontour
(right, in red).

With the deformabletemplatesand snakes algorithms
implemented,the training algorithm, given a recognizer
match,is asfollows:

1. Run deformabletemplatesto �nd the transformation
betweenthe matchedobjectmodeland the object in
theimage.

2. Usethetransformationfrom step1 to positionthepre-
viousobjectcontourin theimage.

3. Extract the features(curves) that are inside or very
closeto the contour, andaddtheseto the representa-
tion asa new modelview.

4. Find the new occludingcontourfor this model view
by runningthe snakesalgorithmto further adjustthe
previouscontourusingthecurvesextractedin step3.

3.3 Experimental Results

For training we useda corpusof 264 cluttered images,
with 48 views per object, taken aroundthe whole view-
ing sphere(except for the sports-carthat hadonly the 24
views of the top hemisphere).Theseviews arenot evenly
distributed aroundthe viewing sphere. Instead,they are
canonicalviews,creatingasituationmoresimilar to anim-
agedatabase,whereit is unlikely that we would �nd odd
views thataredif�cult to recognizeevenby people(theso
calledpathologicalviews). We took thesepicturesby plac-
ing theobjectsonacolorfulposterandmoving themaround
to make surethat the clutter featuresdid not repeatin the
images.

We seededthe systemwith a clean,black background
view of someobject(e.g.thesports-car)andtheniteratively
foundthebestmatchto thecurrentrepresentationover the
entire corpusand rebuilt the representationincorporating
themodelfeaturesfrom thenew image. As in thecaseof
the clean,black backgroundimages,we stoppedthe pro-
cedurethe �rst time a non-sports-carimagewasattracted.
This givesusan ideaof thebestpossibleperformance.To
maketheprocessunsupervised,wefoundthatit is generally
possibleto setthresholdsonthegoodnessof thematch,that
will de�ne whenweshouldstopthegrowth process.

In the caseof the sports-carall the correctviews were
attractedto the representationbeforeany misclassi�cation
wasmade.Thetreeby which theviews wereattractedcan
be seenin Figure9. As in Figure4, the views arerepre-
sentedby circlesonapolarcoordinatesystem.Againtheat-
tractionprocessinvolvesclosegeometricneighbors,aswell
assomesymmetricimagesdueto the front/rearsymmetry
of ourcar.
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Figure9: Treeby which clutteredtrainingimageswereat-
tractedto representationduringgrowth process.Theblack
backgroundseedimageis markedwith acircle.
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Figure10 shows two of theviews thatwereusedin ex-
tendingthesports-carrepresentation.

Figure10: Clutteredimagesattractedto thesportscarrep-
resentation

Themethodis usefulif asystemtrainedthiswaycanob-
tainbetterrecognitionresultsthana systemtrainedonly on
theoriginal, blackbackgroundseedimage.We trainedthe
systemon clutteredimagesof objectsandwe testedrecog-
nition performanceagainstthe systemtrainedonly on the
seedimages. For testingwe usedimagesof the objects
taken in the sameclutter conditions. Theseimageswere
takenat aboutevery20 degreesaroundtheviewing sphere,
with 106imagesperobject(only 53 for thesports-car),for
a total of 583 images.Performanceimprovedsigni�cantly
for all theobjects.ROC curvesfor thesports-carandplane
can be seenin Figures11 and 12 where the dashedline
is the performancewhenthesystemis trainedonly on the
singleblackbackgroundseedimage,while thecontinuous
line is theperformanceachievedafter trainingon cluttered
images.The dottedline is the performancewhenthe sys-
temis trainedon thecompletesetof blackbackgroundim-
ages.Whentrainingon clutteredimages,recognitionper-
formancealwaysimproves,andin somecasesapproaches
the bestperformancewe can achieve with a clean,dense
trainingset.
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Figure 11: ROC comparisonfor sports-car. Recognition
performanceimprovesaftertrainingonclutteredimages

To test the system's behavior when dealingwith sev-
eral objectsat the sametime, we trained the systemon
threeof our objects(sports-car, planeand �ghter) simul-
taneously. We seededthesystemon oneblackbackground
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Figure12: ROC comparisonfor plane.Recognitionperfor-
manceimprovesaftertrainingonclutteredimages

view of eachobject,thenweiteratively foundthebestmatch
over the entirecorpusof sparse,clutteredbackgroundim-
agesandrebuilt theobjectrepresentationsincorporatingthe
modelfeaturesfrom thenew image.We stoppedwhenthe
�rst incorrectmatchwasattractedto thedatabase.Thenum-
berof imagesattractedto therepresentationof eachobject
wasapproximatelythe sameasin thecaseof independent
training.

We testedthe recognitionperformanceof the system
trainedthis way by performingforced-choicerecognition
on the imagesof the three objectsfrom the denseclut-
teredbackgroundset.Outof the265testimages,146were
correctly classi�ed when the systemwas trainedonly on
the single black backgroundseedimages,and 204 were
correctly classi�ed when the systemwas trained on the
clutteredbackgroundimages.Thusperformanceincreased
from 55% to 76.9%. Tables1 and2 show the resultsfor
eachobjectbeforeandafter training on clutteredimages.
Table3 shows therecognitionresultsaftertrainingthesys-
tem on labeledblack backgroundimagesof the objectsin
thesameposesasin theunlabeledclutteredimages.Over-
all performanceis 86.4%,somewhat betterthanthe result
weobtainedby trainingfrom clutter.

classname index samples 0 1 2
sports-car 0 53 44 7 2

plane 1 106 48 53 5
�ghter 2 106 40 17 49

Table1: Forcedchoicerecognitionresultsbeforetraining
onclutteredimages

4. Conclusionsand FutureWork
We developeda methodfor minimally supervisedtraining
of a recognitionsystemfrom unlabeledand unsegmented
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classname index samples 0 1 2
sports-car 0 53 47 4 2

plane 1 106 6 74 26
�ghter 2 106 13 10 83

Table2: Forcedchoicerecognitionresultsaftertrainingon
clutteredimages

classname index samples 0 1 2
sports-car 0 53 45 3 5

plane 1 106 0 86 20
�ghter 2 106 0 8 98

Table3: Forcedchoicerecognitionresultsaftertrainingon
cleanimages

imagery. We testedthe systemby training on a single la-
beledblackbackgroundimageof anobjectaccompaniedby
a setof unlabeledclutteredimagesof severalobjects. We
showed that recognitionperformancecan be signi�cantly
improvedwhenthe objectrepresentationis augmentedby
featurescomingfrom theclutteredimages.

One problem that we encounteredwas the existence
of pathologicalviews of objects,whereobjectappearance
changesvery rapidlyandrecognitionis moredif�cult. This
canbe overcomeby increasingthe samplingdensityover
theseregionsor by allowing someuserinteraction,aswe
saw in the caseof clean,black backgroundimages. Our
currentsamplingis quitesparse,with up to 30 degreesbe-
tweensometestcasesandthe closesttraining view. User
interactioncanalsosolve a differentissue:theexistenceof
accidentallysimilarviews,situationswhereoneview of an
objectlookslike anotherobject.Themainissueis to avoid
toomuchinteraction.
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