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Abstract

Tracking is frequentlyconsidered a frame-to-frameop-
eration. As such, objectrecognition techniquesare gener-
ally too slow to be usedfor tracking. There are domains,
however, where the objectsof interest do not move most
of the time. In thesedomains,it is possibleto watch for
activity in thesceneandthenapplyobjectrecognition tech-
niquesto£ndtheobject'snew location.Thismakestracking
a discrete processof watching for object disappearances
and reappearances. We havedevelopeda memoryassis-
tancetool thatusesthisapproach to helppeoplewith slight
to moderate memoryloss keeptrack of important objects
around the house. The systemis currently deployedin a
prototypesmarthome.
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1 Intr oduction

Trackingcanbeconsideredto betheproblemof answer-
ing the questionwhereis a particularobjectat a given in
point in time. Theansweris generallyexpectedto be low-
level information,e.g. pixels in theimagebelongingto the
object,possiblyconnectedinto acompactblob,coordinates
of thecentroid,possiblywith poseinformation,or location
in world coordinates.

Traditionally, trackinghasbeenconsideredasa frame-
to-frameoperation[2]. Recognitiontechniquesareoftentoo
slow to be directly useful in this domain. However, there
aredomainsin which theof objectsof interestremainsta-
tionarymostof thetime, for example,keepingtrackof the
locationof usefulobjectsaroundthehouse,suchasglasses,
car keys, and the TV remotecontrol. In this domain,us-
ing a traditionaltracker would bebotha wasteof resources
while theobjectswerestationary, andunreliablewhenthey
weremoving, assuchobjectsaretypically moved by peo-

ple,andarethuspartiallyor totally occludedduringmostof
themove.

An alternative approachin sucha domain is to watch
for activity in the environment, detectregions of change
thatmight representobjectsaddedto or removed from the
sceneafteractivity hasceasedlocally, andsendimagescon-
tainingchangedregionsto anobjectrecognizerfor evalua-
tion. Trackingan object thenbecomesa discreteprocess,
with disappearancesand reappearancesreportedby cam-
erasin variouslocationsbeingintegratedinto anobjectlo-
cation/historymodelasthey aregenerated.

In thispaper, wedescribeaprototypeMemoryAssistant
tool wehavedevelopedthatemploys thisapproachwith the
goalof helpingpeoplewith slight to moderatememoryloss
keeptrack of importantobjectsplacedaroundtheir home.
Suchmemorydif£cultiesarea signi£cantissuein the ag-
ing population,anda major factorcontributing to institu-
tionalizationof peoplewho might,with modesthumanand
machineassistance,beableto live on their own for a sub-
stantialadditionalperiod. The tool hasbeenimplemented
in amodelhomethatis partof theCenterfor FutureHealth
at the University of Rochester, anddemonstratedto work
robustlywith asmallcollectionof ordinary3D objectswith
multiplecamerassurveying multiple rooms.

2. PreviousWork

Trackinginvolvesfollowing a setof featuresthrougha
sequenceof images. Variousdifferent featureshave been
used,suchas contours[3], corners[20], shapeand color
[25]. Featuresdetectedin oneimagearematchedto corre-
spondingfeaturesin theprevious image.Featuredetection
from oneimageto the next is frequentlyunreliabledueto
noiseandocclusion. To handlethis problem,researchers
haveemployedtechniquessuchastheKalman£lter [1] and
conditionaldensitypropagation (Condensation)algorithm
[3]. Both thesealgorithmswork by estimating,or predict-
ing, the locationof the featuresbeing tracked in the next



image,andusingtheerrorbetweenthepredictedandmea-
suredlocationto updatethepredictive model.

Image-basedobject recognition techniquesare more
generalandmoreeasilytrainablethanthosetheemploy ge-
ometricmodels.Currently, themostsuccessfulgeneralob-
ject recognitionsystemsarein this category. Most operate
by £ndingtheclosestmatchof atargetimagerepresentation
to a largenumberof storedprototyperepresentationsof ob-
jects. Advantagesof this approachincludeeaseof training
andbeingfairly generalin objecttypesthat canbe recog-
nized.

Oneof the £rst examplesof image-basedobjectrecog-
nition wastheuseof neuralnetsto recognizewire objects
[15]. Perhapsthebestknown work is thatof subspacemeth-
ods,usedto recognizefaces[23] andlatermoregeneralob-
jects [11]. Basedon principal componentanalysis,these
approachesreducethe imagespaceto a subspacethatcap-
turesmostof thevariationin theimagedataset.An objectis
representedasa manifold in thesubspace,andrecognition
is doneby projectinganunknown imageinto thesubspace
andlocatingthenearestmanifold.

Subspacemethodstendto besensitive to clutterandoc-
clusion. Techniquesbasedon local imagefeaturesaddress
this problem. Several typesof local imagefeatureshave
beenexplored. Examplesincludethe responseto a setof
steerable£lters [16], scale-invariant features[9], differen-
tial invariants[18], subspaceapproachappliedto segmented
regions[7], andcontext patchesbasedoncontours[19].

OurMemoryAssistanthasalot in commonwith the£eld
of video surveillance. Both are concernedwith watching
the movementsof peopleandobjectswithin a scene.Al-
gorithmsdevelopedfor the traditionalsurveillancedomain
mayproveusefulin ourhomehealthdomainandvice-versa.
Therefore,we presenta shortreview of relevantwork from
the£eldof videosurveillance.

Typical video surveillance techniquesinvolve tracking
humans.MIT' s PFindersystemtrackscoloredblobscorre-
spondingto a user's head,hands,torso,andfeet[25]. Rehg
et al., usemotion, color, and stereotriangulationto £nd
usersin front of a smartkiosk[17]. TheVSAM projectde-
tectsand tracksmultiple peopleand vehiclesin cluttered
scenesusingmultiple cameras[4]. Simpleclassi£cationin
human,vehicle,or cluttercategoriesis performed.

Systemsthat detectsimple activities involving interac-
tion with trackedobjectsincludeMorris andHogg[10] who
statisticallymodeltheinteractionsbetweenpeopleandcars,
and effectively quantify the statement,“Moving slowly
close to a numberof cars is unusual.” The W4 system
detectsand tracks multiple people, carried objects, and
exchanges[6]. The TI systemtracksobjectsandproduces
a graphrepresentationof their spatio-temporalrelations[5].
Events involving objects(appearance,disappearance,en-
trance,exit, deposit, removal, motion, and rest) are de-

tectedby a rule-basedsystem.Irani andAnandandescribe
a differentapproachto representingtrackedmovementin a
scene[8]. TheMIT AI Lab's forestof sensorsprojectuses
anadaptivebackgroundmodelto trackandclassifymoving
objects. It alsolearnstypical patternsof activity for a site
sounusualactivity canbedetected[21].

3. Memory AssistantOverview

Thebasicideafor theMemoryAssistantis to have a set
of pan,tilt, zoomcamerasmonitorspeci£clocationsin the
home,suchasthekitchencounter, bedroomdressers,etc.,
for movementof objectsandagents,usinga wide £eld of
view. After localactivity hasceased,thesystemattemptsto
identify compactregionsof changethat might correspond
to objectsaddedto or removedfrom thescene,or portions
thereof. Thepan,tilt, zoomcapabilityis thenusedto take
close-up,high-resolutionimagesof regionswherechange
hasoccurred,andtheimagesaresenttoanobjectrecognizer
for evaluation.Thischecks£rstfor disappearanceof objects
previously recordedto benearthe locationof change,and
thenfor the appearanceof objectsof interest. The recog-
nizer employed is a feature-basedsystemfor rigid objects
that is invariantto translation,scale,and3D rotations,and
robust to signi£cantbackgroundclutter andmodestocclu-
sion.It employsshape-basedfeaturesandthusis notdepen-
dentondistinctivecoloror stablelighting.
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Figure 1. System Overview

An overview of theMemoryAssistantsystemis givenin
Figure1,with possibleaugmentationsshaded.Eachcamera
watchesa designatedlocation,suchasthekitchencounter.
An activity detectordetermineswhenthereis activity (sub-
stantialmovement)in the scene. After the activity ends,
an objectdiscovery systemdetectscompactregionsof the



scenethat have changed.The camerathenpans,tilts, and
zoomsto takeaclose-upimageof eachof theseregions(up
to somelimit). Theseimagesaresentto the objectrecog-
nizer for analysis. If an object is detectedin oneof these
places,a found event for the object is generatedandsent
to the location database.If no object is found in a place
whereanobjectwaspreviously located,thena lost eventis
generatedfor thatobjectandsentto thelocationdatabase.

The usercan thenquery the locationdatabasefor cur-
rent andpastlocationsof the objects. This is donevia a
userinterfacethatemploysatouchscreen,visualcuing,and
spokenandprintedlanguage.

Figure2 shows the detectionandrecognitionof a cup.
(a) shows thecupon thecounter. (b) shows theobjectdis-
covery subsystemhypothesizingthe cup as a foreground
region. (c) shows the zoomedimageof the cup usedfor
recognition,(d) shows extractedcurve featuresusedby the
recognitionsystem.

(a) (b)

(c) (d)

Figure 2. (a) The cup on the counter , (b)
the cup detected by the activity recogniz er,
(c) zoomed image used for recognition, (d)
cur ves used in recognition

4. Activity Detector

It is theresponsibilityof theactivity detectionsystemto
watchthesceneanddetectchangesthatmaycorrespondto
activity in a sceneor to theappearanceor disappearanceof
anobject. Theoverall approachemploys a multiple-model
per pixel architecturesomewhat similar to that described
in [21], but with variousmodi£cations.Basically, at each
pixel, the systemmaintainsoneor moreGaussianmodels

(upto somesmalllimit, generally3 in ourexperiments)that
representthe background,andany recentlyobserved fore-
groundvalues.Eachmodelmaintainsa meancolor value,
andavarianceestimate,andthesevaluesareadaptivewith a
time constantthatcanbeadjustedto re¤ectvariablecondi-
tionsandframerates.Eachmodelalsomaintainshistoryin-
formationin theform of theestimatedpercentof thetime it
waschosento explain thepixel valueonseveraltimescales
(e.g.1, 10,100,and1000seconds).

Each model is labeled as backgroundor foreground,
andthe modelsaresortedin orderof a “value” parameter,
which is essentiallyan estimateof the valueof the model
in explainingrecenthistory in minimumdescriptionlength
sense,wherethebit costof themodelis addedin amortized
fashionto the bits requiredto encodethe residual. This
penalizeslittle-usedmodels,andoneswith high variance.
Matchingis notdoneby £ndingthebestmatch,whichleads
to undesiredmodelcreepasobjectscomeandgo, but by a
£rstmatchprocedure,wheremodelsarecomparedin order
of their valueparameter, and the £rst model that matches
the datawithin a given con£denceregion (e.g. 99 or 99.9
percent)is taken asthe explanation. If no modelmatches,
the one with lowest value parameteris kicked out, and a
new foregroundmodelis initialized.

Thevalueof themultiple modelsis thatmovementand
(multiple) new objectscan detectedwith high sensitivity,
without losing the old backgroundmodel,which is imme-
diatelydetectedoncethenew objectsdepart.To allow new
objectsto beeventuallyignored,we permitpersistentfore-
groundlabelsto convert to backgroundafter some(gener-
ally long) time. Theold backgroundis generallystill there
aswell.

Information is maintainedfor eachpixel about which
model was last active, and when the active model last
changed. This, in conjunctionwith the history and label
informationstoredwith eachmodel,permitsa substantial
amountof reasoningto be done. We start with a single
backgroundmodelateachpixel,acquiredduringashortini-
tializationphase.Wedecideif activity is presentby looking
for recentchangesin thematchedmodel.

The systemruns in both monochromeand rgb color
modes.Wehavefoundthemonochromemodeprovidesad-
equatedetectionin mostof the situationswe have tested.
With variousef£ciency optimizations,themonochromeac-
tivity detectionprocessruns at approximately15 Hz on
half-scale(320x 240pixel) images,ona1.5GHzXeonpro-
cessor. Thecolor versionis about30%slower.

To discover potentialobjects,we integrateactivity over
the entireimage. If this exceedsa threshold,we conclude
that somethingis going on, (e.g. a humanagentis in the
scene),andwethenwait for activity to gobelow athreshold
for somespeci£edquiescentperiod. At this point, we per-
form a connectedcomponentsanalysison the foreground
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labeledpixels, andextract compactcomponentsin an ap-
propriatesize rangefor analysis. Theseregionsrepresent
potentialobjects,removedfrom or addedto thescene.

For eachsuchregion (up to somelimit), thecamerasare
instructedto pan,tilt andzoomso that the foregroundre-
gion is approximatelycontainedin the centralhalf of the
image.Theseimagesaresentto theobjectrecognitionsys-
tem for analysis. Due to shadows, missedsectionsof the
object,andinaccuracy in thekinematicmodelof thecam-
era,the locationof the region is impreciselyknown in the
high-resolutionimage,andhencearecognizermustbeused
thatis robustto location,scale,clutter, andminorocclusion,
aswell asto 3D rotationandlighting. Sinceframe-ratere-
sponseis not required,we cantake several secondsto run
therecognitionprocesswithoutnegatively affectingperfor-
mance. This allows fairly sophisticatedalgorithmsto be
used.We usea high-performance,3D recognizerwe have
developedpreviously.

5. Object Recognizer

The object recognizerwe useis feature-basedandem-
ploys a perceptualgroupinghierarchy, seeFigure3[12]. A

3D objectis fourth-level featurerepresentedby a groupof
2D views. Eachof these2D viewsis third-level featurerep-
resentedby a groupof overlappinglocal context patches.
Eachlocal context patchis a second-level featureconsist-
ing of a windowed groupof segmentedcurves (£rst-level
features)thatis centeredonandnormalizedby akey curve.
These£rst-level curve featuresareobtainedfrom theimage
by low-level contoursegmentationprocess.Currently, we
useonly connectedcontoursegmentsas£rst-level keying
features,but otherprimitives(e.g.regionsor ribbons)could
besimilarly employed.

Whenprovided with an imagepossiblycontainingone
or moreunknown objects,the recognitionstartsby gener-
atingcontext patchesfor every segmentablecontourin the
image(oftenseveralhundred).Eachcontext patchis com-
paredagainsta databaseof (several tensof thousandsof)
context patchesextractedfrom training views, producing
from 0 to a few hundredmatches.Eachmatchgenerates
evidencefor a hypothesisfor a 2D view (third-level group)
andposeparameters.Evidencefor consistenthypotheses
aremerged,usinga Bayesianevidencecombinationstrat-
egy yielding a total evidencescorefor each2D view and
pose.The2D view andposewith themostevidenceis con-
sideredthemostly likely object,andadditionalhypotheses
(e.g.for otherobjectclasses)canalsobeextracted.

The evidencescorecan then be usedto computethe
probabilityof a falsematch. As partof the trainingphase,
themeanandstandarddeviationsof evidencescoresfor the
imageswith the objectpresentandwith the objectabsent
arecalculated.Thefalsematchprobabilitycanbecomputed
by the likelihoodthat theevidencescorewasgeneratedby
theobjectabsentdistribution. This is a trueprobabilitythat
allows us to setobjectdetectionthresholdsin a principled
fashion. Full detailson the recognizerandevaluationare
availablein [13, 14].

6. Location Database

The location databasestores, collates, and answers
queriesaboutobjectlocations.A locationdetectorcanre-
port the appearanceor disappearanceof an object to the
database.The user interfaceor other programscan then
query the databasefor a list of objects currently being
trackedandtheir currentandpastlocations.

The following is a comprehensive list of commandsac-
ceptedby thelocationdatabase.

² List tracked objects– List all objectscurrentlybeing
tracked by the databaseandthe time of the last event
concerningthatobject.

² ReportObjectAppearanceEvent– Usedby detectors
to reporttheappearanceof anobjectfrom ascene.



² ReportObjectDisappearanceEvent– Usedby detec-
tors to report the disappearanceof an object from a
scene.

² QueryCurrentLocation– Returnthemostrecentevent
associatedwith anobject.

² QueryPreviousLocation– Returnpreviouseventsas-
sociatedwith anobject.Thisoptionisusefultoexplore
thehistoryof agivenobject.

² DeleteEvent – Remove an event from the database.
This option is usefulwhena detectormisidenti£esan
object.

Currently, theonly locationdetectorin useis thevision-
basedobjectrecognizer, but thelocationdatabaseis capable
of storinglocationinformationfrom othersourcessuchas
infrared(IR) tags,radiofrequency (RF) tags,or evenother
specializedvisionalgorithms(e.g.facedetectors).

7. User Interface

Theuserinterfacewasdesignedto beintuitive andeasy
to use.By utilizing a touch-screeninterface,theneedfor a
keyboardandmousewereeliminated.Theuseris presented
with asetof imagesof theobjectsthesystemis tracking.To
querythe objectscurrentlocation,the usersimply presses
theimageof theobjecthewishesto locate(SeeFigure 4).

Thesystempresentstheobjectlocationto theuserusing
a multi-modal approach. First, using the Festival speech
synthesizer[22], it speakstheobject's location. For exam-
ple, “The cup is on the kitchencounter”. This text is also
displayedfor the userto readand provides the userwith
thesemanticlocationof theobject.Second,theuseris pre-
sentedwith awide-angleimageof theobject'scurrentloca-
tionwith theobjectoutlinedwith agreenbox. Thisprovides
visualandspatialcuesfor thelocationof theobject.

If the current location of the object is not known, the
systeminforms the userthat if doesnot know wherethe
object is currently, but also provides the last location the
objectappearedin. Theideais thateventhoughthesystem
cannottell thepersonexactlywheretheobjectis right now,
it still mightbehelpful to know whereit waslastseen.This
informationmayhelptriggertheuser's memoryasto what
they did with theobject.

In addition,thesystemprovidesfacilitiesfor viewing the
historyof objectlocationsanddeletingincorrectlocations.
Humans,eventhosewith somememoryloss,shouldbeable
to recognizewhenthesystemhasmadea mistake andcor-
rectit.

Thecurrentsystemconsistsof threemachines– two dual
1.5GHzXeonprocessormachines,anda 1GHzPentium4.
Thedualprocessormachineseachhandletheactivity recog-
nition for two Sony EVI-D30 pan,tilt, zoomcameras.The

Figure 4. User Interface Windo w

uniprocessorruns the locationdatabase,the voice synthe-
sizer, andtheuserinterface.Thetotal systemwatchesfour
surfacesin threeseparateroomsof a model smarthouse.
For demonstrationpurposes,thesystemusesa threeobject
database.However, theobjectrecognitionsystemhasbeen
testedin thelabwith up to twenty-fourobjects.

8. Conclusion

Therearereal-world domainsin which trackingobjects
usingobjectrecognitionis a viableoption. In a situationin
which the objectsof interestdo not frequentlymove, one
canwatchfor activity, andwhentheactivity hasended,ap-
ply objectrecognitionto £ndobjectsthatmayhave moved
andtheirnew locations.

Our system is currently running in prototype smart
home. It keepstrack of objectsplacedin four locations–
the bedsidetable, living room table, kitchen counter, and
the bar area. The systemperformswell with a few peo-
ple in the housemoving the objectsaround. Performance
degradeswith crowds of peopledue to the fact that there
is alwaysactivity beingdetected,so the systemnever gets
a chanceto take a closelook at the regionsthat may have
changed.Sincethe target usersareeldersliving aloneor
with a care-giver, this situationshouldnot occur too fre-
quently.

9. Futur eWork

Futurework will occuron serveral fronts. First, thereis
room for improvementof the underlyingcomputervision
technology. Currently, theobjectrecognizeris constrained
to rigid objects.We areextendingit to recognizelessrigid
objects,suchascollectionsof keys. In addition,theactiv-



ity recognizerwill be improved to allow a single camera
to watchmultiple locationsat the sametime. Using back-
groundregistration,thesystemwill trackobjectsin a larger
areawith thesamehardwareinfrastructure.

Second,the systemneedsto be integratedwith other
smarthometechnologies.Themostinterestingof theseis a
spokennaturallanguageinterfacethatwouldallow theuser
to askaboutobjectlocationsjust asif they wereaskingan-
otherperson. Infrared(IR) andradio frequency (RF) tags
canalsobeusedto trackobjects.In thecurrenthome,some
objectsandlocationsareequipedwith IR tags.This infor-
mationwill beintegratedwith thecurrentsystem.

Other issuesinclude sharingof smarthomeresources
with other applications. Other applicationsin the smart
homeincludea gait recognizer, a skin mapper, anda med-
ication advisor. Someutilize camerassimilar to the ones
usedin the Memory Assistant. Building a infrastructure
that allows theseandotherapplicationsto sharecameras,
memory, andprocessorsis beingbuilt. Thegoal is to have
a systemthat is inexpensive andeasilycustomizableto in-
dividualneeds.
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