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Abstract

Appeaance-basedbjectrecanition systemsely ontrain-
ing from imagery, which allows the recanition of objects
withoutrequiringa 3D geometricmodel. It hasbeenlittle
exploredwhethersut systemganbetrainedfromimagery
thatis unlabeledandwhetherthey canbetrainedfromim-
agerythatis nottrivially sgmentable

In this paperwe presenta methodfor minimally super
visedtraining of a previouslydevelopedrecanition system
from unlabeledand unsggmentedmagery. We showthat
thesystentansuccessfullgxtendan objectrepresentation
extractedfrom oneblack badkgroundimage to containob-
jectfeatuesextractedfromunlabeledclutteredimagesand
canusethe extendedepresentatiorio improve recajnition
performanceon a testset.

1. Intr oduction

Appearance-basexystemshave provenquite successfuin
recognizing3D objects. They typically rely on training
from labeledimagery which allows the recognitionof ob-
jectswithoutthe requiremenbf constructinga 3D geomet-
ric model. It hasbeenlittle exploredwhethersuchsystems
canbetrainedfrom imagerythatis unlabeledandwhether
they canbetrainedfrom imagerythatis not trivially seg-
mentable.

A recognitionsystemthat could be trainedfrom either
unlabeledor unsgmentedmagerywould be valuablefor
reducingthe effort requiredto obtain a training set. Of
greatempracticalimpact,a 3D recognitiorsystemnthatcould
betrainedfrom clutteredimagerywould be usefulfor auto-
matic,object-level labelingof imagedatabasesyhichis an
importantoutstandingproblem.

1.1 Appearance-BasedObject Recognition
Systems

Oneof the rst appearance-basasgstemsvasthe onede-
velopedby Poggiothat recognizedwire objects[?]. Rao

andBallard[?] describean approachhasedon the memo-
rization of theresponsesf a setof steerablelters. Mel's
SEEMORESsystem[?] usesa databaseof storedfeature
channelsrepresentingmultiple low-level cuesdescribing
contourshape color andtexture. SchieleandCrowley [?]
usedhistogramsof the response®f a vectorof local lin-
earneighborhooaperatorsMuraseandNayar[?] nd the
major principal component®f animagedatasetand use
the projectionsof unknovn imagesonto theseas indices
into arecognitionmemory This approactwasextendedoy
Huangand Camps[?] to appearance-basgartsandrela-
tionshipsamongthem. Wang and Ben-Arie [?] wereable
to do genericobjectdetectionusing vectorial eigenspaces
derived from a small setof modelshapesvhich areaf ne
transformedn awide parameterange.Theapproachaken
by Schmidand Mohr [?] is basedon the combinationof
differentialinvariantscomputedat keypointswith a robust
voting algorithmandsemilocalconstraints.

1.2 Previous Work on Unsupewised Training
of 3D RecognitionSystems

A systemthat is trainedfrom unlabeledmageshasto be
ableto performunsupervisealusteringof multiple views
into multiple objectclasses.in their approachAndo et al.
[?] obsenredthat althoughthe input dimensionof suchan
imagesetis very high, the view dataof anobjectoftenre-
sidesin a low-dimensionalkubspace.Their stratey is to
identify multiple non-linearsubspacesachof which con-
tainstheviews of eachobjectclass.A similarapproactwas
takenby Basrietal. [?]. Theirmethodexaminesthe space
of all imagesand partitionsthe imagesinto setsthat form
smoothand parallelsurfacesin this space.Nearbyimages
are groupedinto surface patcheghat form the nodesof a
graph.Furthergroupingbecomes standardyraphcluster
ing problem.

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



If the numberof imagesis high, clusteringis affectedby a
phasetransitionphenomenonwhenthe parameter®sf the
imagesetreacha certainvalue,thetopologyof the network
suddenlychange$rom smallisolatedclustergdo agiantone
containingvery mary nodeq?, 7.

The unsupervisedearning methodsdiscussedabove
werebasedn computingdistancedetweerimages.Basri
etal. [?] useasimilarity measurdasednthedistortionof
salientfeatureshetweenimages. Gdalyahuand Weinshall
[?] usea cune dissimilaritymeasure The disadwantageof
suchsimilarity measuress thatthey generallyrequirefull
objectsggmentatiorandcannotdealwith scalechanges.

Weberet al. [?] developeda systemthat learnsobject
classmodelsfrom uns@mentedcluttered scenes. Their
methodautomaticallyidenti es distinctive partsin thetrain-
ing setby applyinga clusteringalgorithmto patternsse-
lectedby aninterestoperatorandthenlearnsthe statistical
shapemodelusingexpectatiormaximization.However, the
methodrequiresimagesto be labeledasto the objectthat
they represent.

1.3 Current Work on Training from Unla-
beledCluttered Images

While there has beenwork on unsupervisedraining of
recognitionsystemsrom clean,segmentedmagesandon
supervisedrainingfrom clutteredmagestherehasbeemo
work to our knowledgeon unsupervisedraining of object
recognitionsystemdgrom clutteredimages.

In this paperwe presenta methodfor minimally super
visedtraining of a recognitionsystemfrom unlabeledand
unsg@mentedmagery We usean objectrecognitionsys-
tem developedpreviously [?], andtrain it on onelabeled
blackbackgroundmageof anobjectanda setof unlabeled
clutteredmages.We shaw thatthe systemcansuccessfully
classifythemajority of clutteredmagescontainingheseed
objectandcanextendthe object’s representationsingfea-
turesfrom theseémages.Usingthisrepresentationgcogni-
tion performancdecomesigni cantly betterthanthe per
formanceobtainedby trainingthe systemonly ontheblack
backgroundeedmage.

2. The Underlying Object Recognition
System

The recognitionsystemwe adaptis basedon a hierarchy
of perceptualgroupingprocesseg?]. A 3D objectis a
fourth-level group (seeFigure 1) consistingof a topologi-
cally structurecsetof e xible 2D views, eachderivedfrom
a training image. In theseviews, which representhird-
level perceptuafroups,the visual appearancef anobject
is represente@sa geometricallyconsistentlusterof ses-
eraloverlappinglocal context regions. Theselocal context

regionsrepresenhigh-informationsecond-lgel perceptual
groups,and are essentiallywindows centeredon and nor-
malizedby key rst-level featureghatcontainarepresenta-
tion of all rst-level featureghatintersecthewindow. The
rst level featuresaretheresultof rst level groupingpro-
cessesun on the image,typically representingonnected
contourfragments.
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Figurel: Theperceptuagroupinghierarchy

In moredetail, distinctive local featurescalledkeys, se-
lectedfrom the rst level groupsin our hierarchy seedand
normalizekeyed contet regions the secondlevel groups.
In the currentsystem the keys are contoursautomatically
extractedfrom theimage.

Thesecondevel of groupinginto keyed contet patches
ampli es the power of the key featuresby providing a
meansof verifying whetherthe key is likely to be part of
aparticularobject.

Even thesehigh informationlocal contet regions are
generallyconsistentwith sereral object/posehypotheses;
hencewe usethe third-level groupingprocesgo organize
thecontext patchesnto globally consistentlusterghatrep-
resenthypothesesboutobjectidentity and pose. This is
donethrougha hypothesiglatabas¢hatmaintainsa proba-



bilistic estimateof the likelihoodof eachthird level group
(cluster)basedon statisticsaboutthe frequeng of match-
ing context patchesn 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
known problemswith falsepositvesin Hough-like voting
schemes.

The systemobtainsa recognitionrate of 97% when
trainedon imagesof 24 objectstakenagainsta cleanblack
backgroundover the whole viewing sphere andtestedon
imagestaken betweenthe training views, underthe same
good conditions. The test objectsrangefrom sportscars
and ghter planesto snalesandlizards. Someof themcan
beseenn Figure2. Performanceemaingelatively goodin
thecaseof clutterandpartialocclusion]?)].

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 primary designgoals.
Thisisin contrasto appearance-basedhemeshatusethe
structureof the full object,andrequiregoodprior segmen-
tation.

3. Minimally SupewisedTraining

Thebasicideabehindour currentwork is thatif therecog-
nition systemis trainedon one view of an object, it will
be able to recognizeviews that are topologically closeto
the original view. After addingtheseviews to the object
representationthe systemwill be ableto recognizeaddi-
tionalviewsin aniterative processThiswill leadto thede-
velopmentof clustersof views characterizingeachobject,
clusterghatideally will beableto coverthe entireviewing
sphere.

3.1 Training from CleanImages

As avalidationexperimentwe usedacorpusof clean black
backgroundmagesof objects(someof themseenn Figure
2). Theimagesweretaken at about20 degreesapartover
theviewing sphere.

We seededhe recognitionsystemwith a single black
backgroundmageof an objectandtheniteratively found
the bestmatchto the currentrepresentationver the entire
corpusandrehuilt the object representatiofincorporating
the new image. We stoppedhe procedurdahe rst time an
incorrectimagewasattracted.The overall procedurés es-
sentially a minimum spanningtree algorithm, which is a
standarctlusteringtechnique.n practicethe  comple-
ity of this algorithm,which would be a problemwith large
databaseg;anbe avoidedby modifying the representation
assoonasa “good enough”matchis found.

Usingthis algorithmwe attractecaround50%of theim-
agesof eachobjectto therepresentatiobeforemakingthe
rst incorrectclassi cation. Figure 3 shavs the seedim-
agefor the sports-carand someof the sports-carimages
attractedo the representatiothroughthis method. It also
shavsthenon-sports-camageattractedatthelaststepthat
stoppedhe growth process.Theimageis actuallyan odd
view of thetoy-rabbit,onethatinterestinglylooksabit like

thesports-car

Figure3: Top: Seedmageof sports-cafor propagatiorex-
perimentandterminatingnon-carimage. Bottom: Carim-
agesattractedo therepresentatioduringthe experiment.

To improve the performanceof the systemwe experi-
mentedwith a denseimageset. Sucha setwould increase
thepercentagef imagesattractedo objectrepresentations
by reducingthe numberof isolatedviews thatarevery dif-
ferentfrom the otherviews. Many of our objects,ncluding
thecarandtheaircraft,have alocusof relatively “patholog-
ical” views aroundthe equator whereappearancehanges
veryrapidly andrecognitionis moredif cult. Thisis dueto
a“ attened” axisin the 3D shapewhichis acommongen-
eralproperty To investigatehe effect, we acquiredan ad-
ditionalimagesetfor the carandaircraft, with the distance
betweerviews decreasingn anadaptve fashion,reaching
5 degreesat the equator Learningperformanceamproved



signi cantly in this caseandmorethan90% of theimages
wereattractedo objectrepresentationiseforeanincorrect
classi cationwasmade(94.6%of thesports-caimagesand
91.9%o0f the ghter imageswereattracted).

Figure 4 shaws the tree by which the sports-cawviews
attracteceachotherto thegrowing representationThe 371
sports-caimagesin the corpusrepresenbne hemisphere,
andarerepresentetly square®nthe polarcoordinatesys-
temin the gure. Dark squaresepresentmagesattracted
to the representatioprior to the rst falsematch. Arrows
shav the topology of the growth process. The attraction
procesgenerallyoperateetweerclosegeometricneigh-
bors, with the exceptionof someviews separatedy 180
degreeghatwerematcheddueto the symmetricashapeof
the car Theimagesnot attractedto the representatiomare
pathologicaliews that could not be matchedo ary other
views of theobject.
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Figure4: Treeby which trainingimageswere attractedo
representatioduringgrowth process.

Furtherresultson training from black backgroundm-
agescanbefoundin [?].

3.2 Training from Cluttered Images

As mentionedin the introduction,a systemtrained from
cluttered imagery would be an important step towards
object-level labelingof imagedatabasesA methodsimilar
to the oneusedfor clean,black backgroundmagescanbe
usedfor minimally supervisedraining from clutteredim-
agesaslongaswe haveawayto sgmenttheobjectfeatures

from the featurescomingfrom clutter Thisis very impor-
tantsincefeaturesarisingfrom cluttercould be matchedo
featuredrom otherobjects giving usfalsepositives.

We startby seedinghe systemwith a clean,blackback-
groundimageof the object. The recognitionsystemwill
be ableto recognizetopologicallycloseviews of the same
objectevenif they aretakenagainstlutteredbackgrounds.

The dif culty is to extractthe featuresbelongingto the
objectfrom theimageandaddonly thoseto the objectrep-
resentation Adding clutterfeatureswvould corruptthe rep-
resentatiomndthe objectmodelwould nolongerbeuseful.
An obviousway of extractingthe objectfeaturesnvould be
to nd theobjectsoccludingcontourandextractall thefea-
turesinsidethe contour Thedif culty, of coursejs nding
this contourin our dataset.

Theoccludingcontourof the objectin the seedmageis
easyto obtain.Sincetheseedmageis takenagainsticlean,
black backgroundwe cansimply thresholdthe imageand
extract the contourof the white blob. Subsequenimages
however are cluttered,and thus more dif cult. The posi-
tion of the objectis known from the outputof the object
recognitionsystem. But asthe objectchangests appear
ancein theseémagestheshapeof thecontouralsochanges.
Thetransformatiorthatmorphghemodelview into thenew
view canbeusedto nd thecontourof thennew view of the
object.We can nd thistransformatiorusinga deformable
templatesalgorithm.

To dothis, we usearelatively genericalgorithmadapted
from the methodof Jainet al. [?]. In this methodthe
prior shapeof the objectof interestis speci ed asa tem-
plate containingedge/boundarinformationin the form of
a bitmap. Deformedtemplatesare obtainedby applying
parametridransformsto the prototype,andthe variability
in the shapds achievedby imposinga probability distribu-
tion ontheadmissiblenappingsThegoalisto nd, among
all suchadmissibldgransformationshe onethatminimizes
the Bayesiarobjective function

1)
where isthepotentialenegy linking theedge
positionsand gradientdirectionsin the input imageto the
objectboundaryspeci ed by the deformablegemplateand
the secondterm penalizeghe variousdeformationsof the
template.

Thedeformatioris describedy two displacemenfunc-
tions from the spacespannedy the following orthogonal
bases:

)

3)

Figure5 illustratesthedeformationof agrid usingonly
basewf the displacementunctions,i.e. and for



,and

, respectiely. The
original grid canbe seermon theleft.

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

In ourimplementatiorof this algorithm,we startedwith
thepositionandshapeof thetemplategivenby therecogni-
tion processasinitial estimatesandwe performedgradient
descenbn the scale,rotation, translationand deformation
parameterstrying to minimize the objective function. An
examplecan be seenin Figure6. The imageon top is a
clutteredimageof atoy-bear Thebottomleft imageshawvs
thetoy-beartemplatetheimagewasmatchedo, in thesize
andpositiongiven by the objectrecognitionprocess.The
bottomrightimageshovsthetemplateafterthedeformable
templateslgorithmwasperformed.

Figure6: Top: clutteredbearimage. Bottomleft: original
templaten green.Bottomright: deformedemplaten red

Assumingthatthe objectrecognitionproceduregivesus
areasonablstartinghypothesisthis deformableéemplates
algorithmwill nd atransformatiorbetweerthe modelob-
jectandthe objectin the clutteredimagethat matchesm-
ageto modelfeaturesnuchmorecloselythanis speci ed
by ourrelatively generiaecognitiorprocedureWe will use
thistransformatiorto nd theobjectcontourin theimage.

Most of the objectfeatureswill beinsidethis deformed
contour But the objectcan have additionalfeaturesthat
are not inside this contoursincethey were not presentin
the original model (for example,an emeging handleon a
cup). Theseneedto be addedto the objectrepresentation.
To addresghis problemwe also addthe featuresthat are
closeenoughto the deformedcontourandarelongerthan
aspeci edthreshold.An exampleof the featureextraction
processcanbe seenin Figure7, thatshawvs a view of the
sports-caion a clutteredbackgroundthe curvesextracted
from the imageandthe curvesjudgedasbelongingto the
object.

Figure7: Top: Clutteredimageof sports-car Bottom left:
Curvesextractedfrom image. Bottomright: Curvesadded
to sports-carepresentation.

Sincethenew view canmissfeatureghatwerepresentn
the model,or canhave additionalfeatureghatwerenotin
the model, the contourmodi ed throughdeformabletem-
plateshasto be updatedto re ect the object featuresex-
tractedfrom theimage. We do this by runninga variantof
the snalesalgorithmon the (alreadydeformed)occluding
contour[?] usingthe newly extractedobjectfeatures.This
pulls the contourmuch more tightly thanthe deformable
templatedid, but it cannotbe usedwithout the intialization
andfeature ltering providedby thatstep,dueto thedensity
of clutterin theimages.

This approachto snalesis more stablethan the origi-
nal version[?], it is e xible, allows hard constraintsand
runs much fasterthan the dynamic programmingmethod
[?]. Theunderlyingmethodis agreedyalgorithmthatmin-
imizestheenegy expressedaimilarly to Kass' method:

(4)

Using in the continuityterm (where are
the pointson the curve) causeghe curve to shrink, asthis
is actuallyminimizing the distancebetweerpoints. It also
contrikutesto the problemof pointsbunchingup on strong



portionsof the contour To avoid this, the methodusesthe
differencebetweerthe averagedistancebetweerpoints, ,
and the distancebetweenthe two points underconsider
ation: The image enegy is the gradi-
entmagnitudenormalizecby

where is the gradientmagnitudeat a point, and
and arethe maximumand minimum gradientsin the
point's neighborhood.

Figure8 shavs anexampleof how the snalesalgorithm
modi es the contourof the cup givena setof curves. The
handlein the model hasno supportin the image, so the
contourshrinkscloserto the objectfeatures.

Figure8: Resultsof the snalesalgorithm. Top: cupcurves.
Bottom: originalcontour(left, in red)anddeformectontour
(right,in red).

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

1. Run deformabletemplateso nd the transformation
betweenthe matchedobject model and the objectin
theimage.

2. Usethetransformatiorfrom stepl to positionthe pre-
viousobjectcontourin theimage.

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

4. Find the new occludingcontourfor this modelview
by runningthe snalesalgorithmto further adjustthe
previouscontourusingthe curvesextractedin step3.

3.3 Experimental Results

For training we useda corpusof 264 clutteredimages,
with 48 views per object, taken aroundthe whole view-

ing sphere(exceptfor the sports-cartthat had only the 24

views of thetop hemisphere).Theseviews arenot evenly
distributed aroundthe viewing sphere. Instead,they are
canonicaViews, creatinga situationmoresimilarto anim-

agedatabasewhereit is unlikely thatwe would nd odd

views thataredif cult to recognizesvenby people(the so
calledpathologicaliews). We took thesepicturesby plac-
ing theobjectsonacolorful postemndmoving themaround
to make surethat the clutter featuresdid not repeatin the
images.

We seededhe systemwith a clean,black background
view of someobject(e.g.thesports-carandtheniteratively
foundthe bestmatchto the currentrepresentatioover the
entire corpusand rehuilt the representatiofincorporating
the modelfeaturesrom the new image. As in the caseof
the clean, black backgroundmages,we stoppedthe pro-
cedurethe rst time a non-sports-caimagewasattracted.
This givesus anideaof the bestpossibleperformance.To
malketheprocessinsupervisedye foundthatit is generally
possibleto setthresholdonthegoodnessf thematch that
will de ne whenwe shouldstopthe growth process.

In the caseof the sports-caall the correctviews were
attractedo the representatiobeforeany misclassi cation
wasmade. Thetreeby which theviews wereattracteccan
be seenin Figure9. As in Figure4, the views arerepre-
sentedy circlesonapolarcoordinatesystem Againtheat-
tractionprocessnvolvesclosegeometrimeighborsaswell
assomesymmetricimagesdueto the front/rearsymmetry
of ourcar.

Figure9: Treeby which clutteredtrainingimageswereat-
tractedto representatioduring growth process.The black
backgroundeedmageis markedwith acircle.



Figure 10 shavs two of the views thatwereusedin ex-
tendingthe sports-carepresentation.

Figure10: Clutteredimagesattractedo the sportscarrep-
resentation

Themethodis usefulif asystentrainedthisway canob-
tain betterrecognitionresultsthana systentrainedonly on
the original, 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 aboutevery 20 degreesaroundthe viewing sphere,
with 106imagesperobject(only 53 for the sports-car)for
atotal of 583images.Performancémprovedsigni cantly
for all the objects.ROC curvesfor the sports-caandplane
can be seenin Figures11 and 12 wherethe dashedine
is the performancevhenthe systemis trainedonly on the
singleblack backgroundseedimage,while the continuous
line is the performanceachiered aftertraining on cluttered
images. The dottedline is the performancevhenthe sys-
temis trainedon the completesetof blackbackgroundm-
ages.Whentraining on clutteredimages,recognitionper
formancealwaysimproves,andin somecasesapproaches
the bestperformancewne can achieze with a clean,dense
trainingset.
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Figure 11: ROC comparisonfor sports-car Recognition
performancemprovesaftertrainingon clutteredimages

To test the system$ behaior when dealing with sev-
eral objectsat the sametime, we trained the systemon
three of our objects(sports-carplaneand ghter) simul-
taneously We seededhe systemon oneblackbackground

Detection rate

0.2b - - before training on cltr |
—— after training on cltr
after training on clean

0 0.2 0.4 0.6 0.8 1
False alarm rate

Figure12: ROC comparisorfor plane.Recognitiorperfor
mancemprovesaftertrainingon clutteredmages

view of eachobject thenweiteratively foundthebestmatch
over the entire corpusof sparseclutteredbackgroundm-
agesandrehuilt theobjectrepresentationiscorporatinghe
modelfeaturedrom the new image. We stoppedvhenthe
rst incorrectmatchwasattractedo thedatabaseThenum-
berof imagesattractedo the representationf eachobject
wasapproximatelythe sameasin the caseof independent
training.

We testedthe recognition performanceof the system
trainedthis way by performingforced-choicerecognition
on the imagesof the three objectsfrom the denseclut-
teredbackgroundset. Out of the 265testimages,146were
correctly classi ed when the systemwas trained only on
the single black backgroundseedimages,and 204 were
correctly classi ed when the systemwas trained on the
clutteredbackgroundmages.Thusperformancencreased
from 55%to 76.9%. Tables1 and 2 shaw the resultsfor
eachobjectbeforeand after training on clutteredimages.
Table3 shawvstherecognitionresultsaftertrainingthe sys-
tem on labeledblack backgroundmagesof the objectsin
thesameposesasin the unlabeledclutteredimages.Over-
all performancds 86.4%,somavhat betterthanthe result
we obtainedby trainingfrom clutter

classname| index | samplesf 0 1 2

sports-car| O 53 4 7 2
plane 1 106 48 53 5
ghter 2 106 40 17 49

Table1: Forcedchoicerecognitionresultsbeforetraining
on clutteredmages

4. Conclusionsand Futur e Work

We developeda methodfor minimally supervisedraining
of a recognitionsystemfrom unlabeledand unsggmented



classname| index | samplesf 0 1 2

sports-car| O 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| O 53 45 3 5
plane 1 106 0 86 20
ghter 2 106 0O 8 98

Table3: Forcedchoicerecognitionresultsaftertrainingon
cleanimages

imagery We testedthe systemby training on a single la-
beledblackbackgroundmageof anobjectaccompaniedly
a setof unlabeledclutteredimagesof several objects. We
shaved that recognitionperformancecan be signi cantly
improved whenthe objectrepresentatioiis augmentedy
featureccomingfrom theclutteredimages.

One problem that we encounteredwvas the existence
of pathologicalviews of objects,whereobjectappearance
changewery rapidly andrecognitionis moredif cult. This
canbe overcomeby increasingthe samplingdensityover
theseregionsor by allowing someuserinteraction,aswe
sav in the caseof clean,black backgroundmages. Our
currentsamplingis quite sparsewith up to 30 degreesbe-
tweensometestcasesandthe closesttraining view. User
interactioncanalsosolve a differentissue:the existenceof
accidentallysimilar views, situationswhereoneview of an
objectlookslik e anotherobject. The mainissueis to avoid
too muchinteraction.
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