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Abstract

In this paper, we presenta methodfor propagatingsegmentationinformationacrossa
saccadefor afoveatingcamera.In particular, wetakearegionof interestfromawide-angle,
low-�delity imageandpropagateits segmentationinformationto a zoomed,high-�delity
imagecontainingthatregion. Ourmethodusesnormalizedgreyscaletemplatesto estimate
the changein translationandmagni�cation requiredto transformthe segmentedregion.
This processis usefulfor systemswhich detectregionsof interestat low-�delity andthen
performa saccadeto provide a high-�delity view of thatregion of interest.We show how
usingthismethodincreasestheperformanceof anactiveobjectrecognitionsystem.

Supportfor this work provided by NSF Grant IIS-9977206,NSF GrantEIA-0080124,and the W.M.
KeckFoundation



1 Intr oduction

In biologicalvisionsystems,saccadesareusedto obtainhigh-�delity imagesof regionsof
interestthataredetectedin thelower�delity periphery. A saccadeis arapideyemovement
that �xates the fovea,the areaof the eye with highestacuity, on an areaof interest.The
analogousoperationin a pan-tilt-zoom(PTZ) camerasystemis to centerthe region of
interestin theimageandzoomin to increasethe imageresolutionof theregion. To make
theanalogycomplete,wealsorequirethatthepan-tilt-zoomoperationscompleterelatively
fast. “Relatively fast” in this casemeansthatonly a few imageframesaremissedduring
thesaccade.

Saccadespeedis inherentlytied to the camera's physicallimitations. Slow pan-tilt-
zoomspeedsleadto slower saccades.For the purposeof this work, we assumethat all
framesbetweentheinitiation of thesaccadeandits completionaredropped.Thisassump-
tion preventsrelyingontheuseof intermediateframesthatmaydisappearascameraspeeds
improve,andis probablyconsistentwith thesituationin thehumanvisualsystem.

Choosingareasof interestto saccadeto, or �xate on, frequentlyinvolvessegmentation
of somekind on thelow-�delity images.Often,it is usefulto propagatethis segmentation
informationto thehigh-�delity imagesafter thesaccade.Propagationis especiallyuseful
whenthesegmentationprocesscannotbeperformedonthehigh-�delity image.Suchis the
casewith motionor changesegmentationsincethey dependon pastframeswhich arenot
availableat high-�delity. We presenta simpletechniquefor quickly propagatingsegmen-
tation informationbetweenlow- andhigh-�delity imagesduring a camerasaccadeusing
anuncalibratedPTZcameraandshow thatasegmentationsopropagatedimprovesperfor-
manceof adif�cult objectrecognitiontask.Thistechniqueis alsousefulwhenthepan,tilt,
andzoomparametersbetweenthetwo imagesareknown, but somewhatimprecisely.

Foveatingcamerasareusedin a numberof applicationssuchassecurity, surveillance,
andbiometricidenti�cation. Ourparticularapplicationis anactiverecognitionsystemused
to trackobjectsin asmarthomesetting.Weshow how usingsegmentationpropagationcan
increasebothspeedandaccuracy of therecognitionprocess.

2 RelatedWork

Biologically inspiredfovealsensorshave beenthesubjectof considerableresearch.One
of the�rst “silicon retinas”wasdevelopedby Mahowald[Mahowald,1991].Otherdesigns
havemadevariousimprovements.A comprehensivecomparisonof differentsensorsis pro-
videdby Moini[Moini, 1997].Eachof thesesensorsmimicsbiologicalretinasby providing
a high-acuityfoveaanda lower-acuityperiphery. While usefulfor vision research,lack of
wide scaleavailability of thesechipspreventstheir usein the developmentof real-world
applications.
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Pan-tilt-zoom(PTZ)camerasarethe�rst widely availablevisualsensorthatarecapable
of foveal sensing.They provide the ability for both wide-angle,coarse-scaleviews and
narrow-angle,�ne-scaleviews. Themaindrawbackof thePTZ cameraasa fovealsensor
is that a singlecameracannotsimultaneouslyprovide both theseviews. Using a second
camera,eitheranadditionalPTZ or a stationarycamera,allowsbothfovealandperipheral
images,but requirestheadditionalstepof calibratingthecamerasto eachother.

Severalsystemsthatutilize PTZ camerasasfovealsensorsemploy thesecondcamera
approachto acquirebothfovealandperipheralimages.Someexamplesareafacedetection
andtrackingsystem[Stillmanetal., 1999],andtheVSAM projectwhichusesmulti-camera
systemto performhuman/vehicle/clutterclassi�cation[Collinsetal., 1999].

In our system,we take theapproachthat fovealandperipheralimagesarenot needed
at the sametime. This allows the systemto usea singlePTZ cameraper scenefor both
peripheralandfovealimages.Eventsin theperipherywill not beenseenwhile thecamera
is foveated.Thisconditionis acceptablebecausewedonotexpectto beviewing fovealim-
agesfor long periodsof time. Our applicationinvolvesquick saccades,grabbingof foveal
images,followedby aquickreturnto theperipheralview. Thesinglecameraapproachsim-
pli�es thesystemby allowing thecamerato beuncalibratedmakingsetupandportability
issuesminimal.

Thereareseveralprojectscurrentlyworking on technologiesto improve peopleslives
in thehome.TheNeuralNetwork housestrivesto provide betterenergy managementand
conservationbasedon theoccupantsbehavior[Mozer, 1998].Thegoalof theAwareHome
to know who is in home,wherethey are, and what they are doing[Kidd et al., 1999].
TheHousen projectaimsto empowerpeopleandmotivatebehavior changeby providing
pertinentinformationat theprecisetime it is neededto in�uence a decision[Intille,2002].
Our projectis associatedwith theSmartMedicalHomein theCenterfor FutureHealthat
theUniversityof Rochester. Thefocusof thesmartmedicalhomeis to usetechnologyto
helppeoplemanagetheir healthin thehome,therebyreducingburdenson thehealthcare
system.

3 Propagatingsegmentationinformation

Theproblemof segmentationpropagationis to take a setof pixels representinga region,
Rl , in a low-�delity image,I l , andmapthemto a new setof pixels,Rh, in a high-�delity
image,I h, whereI h is relatedto I l througha camerapan,tilt, zoomintendedto centerthe
regionof interestin ahighresolutionimage.In ablind or naiveapproach,wemightmodel
the effect of a pan,tilt, andzoomasx andy imagetranslations,t x , ty, anda changein
magni�cation,M .

We could computetheseparametersto centeran appropriatelysizedversionof the
region of interestin the image,andthenexecuteanactualcameramotion intendedto ac-
complishthedesiredtransformation.
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In general,becausethereis someuncertaintyin themovementof thecamera,thetrans-
lationandmagni�cationfactorsthatbestmatchtheactualeffect will not matchthoseused
to computethemovementcommand.Thusin thenaive approachwe canassumethatwe
have only rough estimatesof the parameterstx , ty , andM . Given theseestimates,the
naiveapproachto segmentationpropagationwould beto transformtheR l by thetx ; ty ; M
parametersasfollows.

For eachpixel in Rl locatedat (x l ; yl ), thelocation(xh; yh) in I h is computedby

xh = (x l � tx ) � M (1)

yh = (yl � ty) � M (2)

Whereeachpixel in I h hasasizeof M .

The result is a segmentedregion at the centerof the high-�delity imageand of ap-
proximatelythe correctscale,but not necessarilylined up with the new projectionof the
physicalpointsthatgeneratedtheoriginal regionof interest.Dependingontheapplication,
the resultsmay be acceptableas long as the camera's pan-tilt error is low and the �x ed
pointunderzoomis relatively closeto thecenterof theimage.If eitherof theseconditions
do not hold, thenthedesiredregion of interestwill drift from thecenterof theimage,and
segmentationmisalignmentwill increase.The effect is exacerbatedin high zoomsitua-
tions. An exampleof this typeof error is shown in Figure1(d). In this case,eventhough
estimatesof thecameramotionareavailable,thereis a clearneedfor a methodto reduce
errors.

A fairly obviousapproachto propagatingsegmentationinformation,andthe oneem-
ployedhere,is toemploy atemplateof theRl in thelow-�delity imageandusethattemplate
to estimatetx , ty , andM . Theseestimatesareusedto localizethesegmentin theI h.

First, a templateof thesegmentedregion, Rl is constructedby takingthepixelsin the
regionandnormalizingthemby subtractingout themeanintensity. If thetemplatedoesnot
containsuf�cient structure,thenthis methodis likely to provide erroneousresults.Conse-
quently, thetemplateis �rst run throughaninterestoperatorto ensurethatit hassuf�cient
structureto provide reliable templatematching. If insuf�cient structureis available,we
revert to thenaiveapproachratherthatrisk makinga largererrorby relyingonanincorrect
computation.Currently, the varianceof the templatepixels areusedasinterestoperator.
Variancebelow a thresholdis considerednot interesting.

A multi-resolutionimagepyramid of the high-�delity imageis constructedwith 4
p

2
betweenscales.The numberof differentscalesneededin the pyramid is determinedby
log 4p 2 of theratioof theimageheightto templateheightor imagewidth to templatewidth,
whichever is less.This guaranteesthe imagein lowestlevel of thepyramid is larger than
or equalto thetemplatein bothdimensions.

Normalizedgreyscalecorrelation,asin [Ballard andBrown, 1982],betweenthe tem-
plateandimagepyramidis performed.Themaximumpeakfromthecorrelationisextracted
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andusedasanestimatefor (tx ; ty; M ). Equations1 and 2 arethenusedto obtainRh. Note
thatif a roughestimateM 0of M is known from thecamera,theninsteadof runningonthe
entireimagepyramid, I h canbescaleddown by M 0 andcorrelationcanbeperformedon
only nearthatscalereducingthecomputationalcosts.

Theprocedureandtheresultspresentedin latersectionsusenormalizedgreyscalecor-
relation (NGC) templates.However, other templatematchingmetricscould be utilized,
suchassumof squareddifferences(SSD)or sumof absolutedifferences(SAD). In addi-
tion, this techniquecanbeextendedto color-basedtemplates.

4 PropagationResults

In thissection,wequantifytheexpectedperformanceof thesegmentationpropagationtech-
nique. Two typesof errorsariseduring localization:errorsin themagni�cation estimate,
M 0, anderrorsin thetranslationestimatestx andty .

Errors in the estimatedmagni�cation, M 0, occurdueto quantizationof scalesin the
imagepyramid. In the worst case,the actualscalewill fall halfway betweentwo levels.
Theexpectederrorin magni�cationcanthenbewrittenas

eM 0 =
1
2

(s � 1:0) (3)

wheres > 1:0 is thescalefactorin theimagepyramid.Weuses = 4
p

2, giving aworst
caseerror in magni�cation is eM 0 = 0:0946, or about9.5%,andanexpectederrorof just
under5%,assumingtheclosestscaleis generallyfound.

Errorsin the translationestimatestx andty arecausedby thedifferencein scalesbe-
tweenthetemplateandmatchedimagefrom theimagepyramid.Eachpixel in thetemplate
effectively occupiesM 0 � M 0 pixels in the matchedimage. As a very roughmodel,we
might considereachof thoselocationsis equallylikely to bethe“correct” locationof the
templatepixel. If wechoosethecenterpixel asthelocation,wegetamaximumpixel error
in thex andy directionsof

etx =
1
2

M 0; ety =
1
2

M 0 (4)

andanexpectederrorof half thesevalues.

Figure1 shows anexampleof segmentationpropagationnearthephysicallimit of the
camera's zoomof twelve timesmagni�cation. Note that the naive approachusingmag-
ni�cation andtranslationparametersfrom thecamerafails dueto panandtilt errors.The
segmentationpropagationmethodcorrectlylocatestheregionof interest.results.

For thetestsetdescribedin Section5, segmentationpropagationcorrectlylocalizedthe
ROI for all but oneimage.Thatimagehasapan-tilterrorthatleavestheROI only partially
in thezoomedimage.Segmentationpropagationis unableto dealwith this casebecauseit
violatestheassumptionthattheROI is containedin thezoomedimage.
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(a) (b)

(c) (d)

(e)

Figure1: Comparisonbetweennaive andtemplatesegmentationpropagationapproaches
on anlargezoom.Thezoomis at thelimit of thecamera,roughly12 timesmagni�cation
(a) original low-�delity image,(b) region of interest(ROI) obtainedfrom dilatedchange
detection,(c) original high-�delity image,(d) naive propagatedROI, (e) templatepropa-
gatedROI
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For all otherimages,theerrorin M 0wasmeasuredby hand.Theresultswasanaverage
error in M 0 of 4.6%,closeto the expectedvalueof 4.7%. Figure4 shows the resultsfor
someof theseimages.

5 Application : ActiveRecognition

In this section,we demonstrateanapplicationof segmentationpropagation.In particular,
we usesegmentationpropagationto reduceclutter and improve recognitionratesin an
active recognitionsituation.

Figure2: Userinterfaceto the Memory Assistanceprogram. Pressingthe pictureof the
objectqueriesfor its currentlocation.Locationis providedwith visualandaudiocues

Thespeci�c applicationis amemoryassistancetool thattracksobjectsin ahomeenvi-
ronmentandprovidesaneasy-to-useinterfacethatallowstheuserto queryfor theobjects'
currentlocation.It is intendfor useby peoplewith mild cognitivedif�culties to assistthem
in keepingtrackof frequentlymisplacedobjectssuchasthehandsetto a portablephone,
eyeglasses,or car keys. The systemis describedin detail in [NelsonandGreen,2002],
but we give a brief sketchhere.ThesystemusesPTZ camerasto watchselectedsurfaces
in the home,suchasthe kitchencounter, living room table,andbedsidetable. For each
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camera,thesystemwatchesfor a periodof activity in thescene,which signi�es thepres-
enceof a humanagent.Oncethescenebecomesstable,i.e., thehumanhasleft thescene,
regionsof interestarefoundusingdilatedchangedetectionsegmentation.This segmenta-
tion employspixel-based,meanandvariancemodelsof thesceneto determineforeground
(changed)andbackground(unchanged)pixels.Median�ltering is usedto removeindivid-
ual pixels andsmall regions. Two dilationsarethenusedto �ll holesandmerge nearby
groupsof foregroundpixels. The pixels are then groupedinto regionsusingconnected
components.Theseregionsrepresentareasof changein scene,but we areonly interested
in thosechangesthat arecausedby the placementof, or removal of an object from the
scene.Becausewe know a priori theexpectedrangeof sizesof theobjectsof interestin
thesceneandbecauseourobjectsareall relatively compact,weremovefrom consideration
any region that is too big, too small,or not compactenough.Theregionsthatareleft are
candidateobjectregions.

Zoomed,high-resolutionimagesareacquiredof eachcandidateobjectregion andsent
to an object recognizerfor identi�cation. The zoomedimageis acquiredby a panand
tilt that placesthe centerof the candidateregion in the centerof the imageanda zoom
suchthatthediameterof thecandidateregion is approximately60%of thediameterof the
image. For convenience,the region's diameteris approximatedby its normalizedx or y
extent,whichever is greater, andtheimagediameteris approximatedby thecorresponding
numberof pixels in the x or y dimension. The pan, tilt, and zoom parametersprovide
estimatesfor tx ; ty, andM .

Therecognizerattemptsto classifytheregion asoneof theknown objectsor as“don't
know”. If aknown objectis detected,anappearanceeventis generatedandsentto acentral
location tracking database.If “don't know” is returnedin a location that a previously
containedaknown object,adisappearanceeventis sent.Thelocationdatabasekeepstrack
of all appearanceanddisappearanceeventsfrom all cameras,andcanbe queriedusinga
touchscreeninterface,shown in Figure2, by pressingtheimageof thedesiredobject.The
systemrespondsbothvisual andaudiocuesasto the locationof theobject. A pictureof
theobjectin its locationis highlightedby a boundingbox alongwith a text descriptionof
thelocation,for example“The cupis on thekitchencounter”.Thetext descriptionis also
spokenaloudusinga text-to-speechsynthesizer[Tayloretal., 1998].

Oneof theshort-comingsof thesystemis thatassurfacesbecomemorecluttered,the
recognitionrateof knownobjectsdeclines,andtherateof falsepositivesincreases.In order
to reducebackgroundclutter, thetechniquedescribedin Section3 is usedto propagatethe
candidateobjectregion informationfrom thewide-angleview to thezoomedimageof the
candidateregion. The imageis thencroppedto avoid sendingexcessbackgroundclutter
to the recognizer. Currently, croppingis donewith the boundingbox of the segmented
region plusa thirteen(13) pixel borderto allow for lossof in informationfrom reduction
in imagesizeduring imageprocessing.The useof theboundingbox is motivatedby the
fact that thedilatedchangesegmentationfrequentlyfails to segmentthewholeobject,so
croppingbasedon the region maskmay introducearti�cial occulsions.The systemalso
usesthe estimateof the magni�cation, M 0 to speedup computationby only searchinga
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singlescale.

5.1 Results

A testsetof sixty-six (66)views wereacquiredof six differentobjects,shown in Figure3,
in clutteredenvironments.Eachview consistsof a wide angle,low-�delity imageof the
scene,a candidateobjectregion obtainedfrom dilatedchangesegmentationasdescribed
above for that image,anda zoomed,high-�delity in imageof the candidateregion also
acquiredasdescribedabove.

Thetestobjectscamefrom thestandard“six objectdatabase”usedin previousexperi-
mentsutilizing thisrecognizer. An exampleof thetestsetsaregivenin Figure4 alongwith
theresultsfor segmentationpropagation.Theactualapplicationusesa differentdatabase
consistingof threedifferentobjects(telephonehandset,cup,andeyeglasses)thatonewould
expectto wantto trackarounda home.Thatdatabaseis notusedin thisevaluationfor two
reasons.First andmostimportantly, it is too small to giveanaccurateevaluation.Second,
thesix objectdatabasehasbeenwell-studiedin otherpapers[NelsonandSelinger, 1998]
whichprovidesabaselinefor standardrecognition.

Severalmethodsareusedmeasuretheusefulnessof thesegmentationpropagationtech-
niquefor active recognition. First, the forced-choicerecognitionperformanceis usedto
gaugeoverall improvement. Forced-choicerecognitionis useful in a settingwhereit is
known that the object of interestis one of the recognizer's known objects,becausethe
recognizerwill alwayschooseoneof theknown objects.

Forced-choicerecognitionis notagooddecisionmakingmodelin thememoryassistant
settingbecausefrequentlytheextractedregionof interestdoesnot representanobjectthat
is known to the recognizer. Becausethe activity of objectsof interestis not a stationary
process(eventstendto clusterin timeratherthanrepresentaPoissondistribution),attempt-
ing to formulateanextendedforced-choicemodelincludinga “don't know” conditionand
usinga Bayesiancostminimizationapproachis not a particularlygoodideaeither(it is
highly sensitiveto priorsthatarenotwell de�ned quantitiesin thephysicalsituation).

Instead,we employ a schemebasedon knowledgeof how likely environmentalclut-
ter is to generatematchscoresof a particularvalue for eachof the known objects. We
selectanacceptablefalsepositive rate,andof any hypothesesfor which thefalsepositive
probability is lessthanthat threshold,we selectthe onehaving the lowestprobability of
having arisenfrom an imagecontainingonly environmentalclutter. We call this scheme,
leastlikely wrong strategy (LLW). The advantageof this schemeis that it doesnot need
any informationaboutthe relative likelihoodof variouseventsfor its formulation. The
disadvantageis thatwe needprior statisticsaboutthedistribution of scoresunderclutter.
Thesevalueshowever, areexpectedto bestationary, andhencemeasurable.

For theresultspresentedhere,thefalsepositivethresholdis 5%,meaningweexpectone
falsedetectionof any givenobjectfor everytwentyunknown objectssentto therecognizer.
Known objectsaregenerallynot mis-identi�ed, sinceeven if they generatea scorethat
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Cup Plane

Fighter SportsCar

Bear Rabbit

Figure3: Objectsin thetestset
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Figure4: Exampletestsets. Row 1 – the wide-angleview, Row 2 – the dilatedchange
segmentationregion of interest,Row 3 – the zoomed,high-�delity view, Row 4 – the
segmentationpropagatedROI
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givesa falsepositive probabilityof lessthan5% for an incorrectclassi�cation,the score
for the true classi�cation generallygivesan even lower falsepositive probability, and is
thusselected.Thereasonthethresholdis not setany lower, is thatwe don't want to miss
many truedetections.

The trade-off betweenfalsepositive and true positivescan be plotted on a receiver
operatorcharacteristics(ROC) curve. Thesecurvesareusefulto determinehow many true
positiveswill bemissedfor agiventhresholdof falsepositives,andthusfor predictingand
adjustingoverallperformance.Theidealcurvepassesthrough(0,1),signifyingthatall true
positivescanbeclassi�edwith admittingno falsepositives.Thesecurvescanalsobeused
to illustrateimprovementin performancewith achangein algorithm.

As a�nal performancemeasure,thecountof thenumberof curvesprocessedby therec-
ognizeris usedasmeasureof speedperformance.Thetime requirementof therecognizer
is linear in thenumberof input curves,however, thereis a signi�cant constantmultiplier
thatcorrespondsto thetimerequiredto extractimagefeaturesplusthetime to matchthem
to databasefeatures.

Eventhoughourapplicationdoesnotutilize a forced-choicedecisionscheme,it is still
a usefulmeasureof improvement. Any changeto the recognitionalgorithmshouldnot
make forced-choicerecognitionworse.Thesegmentationpropagationalgorithmimproves
forced-choicerecognition.Therecognitionerrorrate,de�nedasthepercentof misclassifed
imagesout of the total testset,was23%on theoriginal images,and12%on the images
croppedusingsegmentationpropagation,yielding a 48.8%decreasein theerror rate. Ta-
ble 1 andTable2 show the forcedchoicerecognitionrateon the the unmodi�ed images
andcroppedimage,respectively.

Class Samples Cup Fighter Plane Car Bear Rabbit
Cup 11 9 1 1 0 0 0

Fighter 10 0 10 0 0 0 0
Plane 13 0 0 13 0 0 0
Car 12 0 1 1 9 0 1
Bear 12 1 2 4 1 3 1

Rabbit 8 0 0 1 0 0 7

Table1: Original forced-choicerecognitionconfusionmatrix. Error rate= 23%

As statedabove, thememoryassistantusesa leastlikely to bewrong(LLW) decision
scheme,not forced-choice.In LLW, therearethreepossibleoutcomesto a known input –
the objectcanbe correctlyidenti�ed, misidenti�ed, or not detected.Not detectedmeans
that therecognizerreturneddon't knowfor anobjectin its database.Theresultsfor LLW
areshown in Table3. Again, thereis marked improvementas the misclassi�cationrate
goesfrom 3% to zeroandthenotdetectedratefalls from 23%to 15%.
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Class Samples Cup Fighter Plane Car Bear Rabbit
Cup 11 11 0 0 0 0 0

Fighter 10 0 10 0 0 0 0
Plane 13 0 0 13 0 0 0
Car 12 0 1 2 9 0 0
Bear 12 2 0 2 0 7 1

Rabbit 8 0 0 0 0 0 8

Table2: Croppedimageforced-choicerecognitionconfusionmatrix. Error rate= 12%

Class Samples Correct Incorrect Not Detected
Orig Crop Orig Crop Orig Crop

Cup 11 7 9 0 0 4 2
Fighter 10 10 10 0 0 0 0
Plane 13 12 13 0 0 1 0
Car 12 10 10 0 0 2 2
Bear 12 5 7 2 0 5 5

Rabbit 8 5 7 0 0 3 1
Total 66 49 56 2 0 15 10

Table3: Leastlikely to bewrong(LLW) misclassi�cationtable,with falsepositivethresh-
old = 5%. “Orig” columnscorrespondto theoriginal uncroppeddataset,“Crop” columns
correspondto thedatasetcroppedusingsegmentationpropagation
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Figure5 showstheROCcurvesfor theindividualobjects.All objectsexceptfor thetoy
rabbitshow improvement.Theimprovementtranslatesto anincreasedability to discrimi-
nateobjectpresentversusobjectnotpresent.Thetoy rabbitsuffersasmalldecreasewhich
canbeconsiderednoise,makingthetoy rabbitessentiallyunchanged.

In additionto improving recognition,segmentationpropagationimprovesthespeedof
therecognitionprocessby �ltering out curvesgeneratedfrom clutter. Figure6 shows the
numberof curveprocessedfor boththeoriginalsetof imagesandthecroppedsetof images.
In thisclutteredtestset,thesavingsapproaches�fty percent.Thesavingsmorethanmakes
up for theamountof timespentdoingsegmentationpropagation.

6 Conclusionand Futur eWork

Usinganormalizedgreyscaletemplateto accountfor camerapan-tilterrorallowsfor quick
propagationof segmentationinformationfrom alow-�delity imageto ahigh-�delity image
afteracamerasaccade.This techniquehasbeenusedto improvethespeedandrecognition
ratesof anactiverecognitionsystem.Thesystemusesgreyscaleinformation,but asimilar
schemecanbeusedwith color templates.

For our recognitionapplication,we usethe boundingbox of the segmentedregion
insteadof the segmentationmask. The primary motivation for this approachis that the
greyscalechangesegmentationtendsto misspiecesof thetargetobject.Maskingoutpieces
of therealobjectis equivalentto thosepiecesbeingoccluded.Therecognizeris morero-
bust to backgroundclutter thanto occulsions,thereforewe err on the side lesslikely to
effect recognition. If the initial changesegmentationwasmorerobust, utilizing the seg-
mentationmaskinsteadof the just the boundingbox would further reducebackground
clutter.
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Figure5: ROC curvesfor 6 objectdatabase.Theidealcurvepassesthrough(0,1)
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