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Abstract

Tracking is frequentlyconsideed a frame-to-fameop-
eration. Assud, objectrecaynition techniquesare gener
ally too slowto be usedfor tradking. There are domains,
however, whele the objectsof interest do not move most
of thetime In thesedomains,it is possibleto watch for
activity in thesceneandthenapplyobjectrecagnition tech-
niguesto £ndtheobject'snew location. Thismalestrading
a discrete processof watdcing for object disappeaances
and reappeaances. We have developeda memoryassis-
tancetool that usesthis approad to helppeoplewith slight
to modeate memoryloss keeptrack of important objects
aroundthe house The systemis currently deployedin a
prototypesmarthome
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1 Intr oduction

Trackingcanbeconsideredo betheproblemof answer
ing the questionwhereis a particularobjectat a givenin
pointin time. The answeris generallyexpectedto be low-
level information,e.g. pixelsin theimagebelongingto the
object,possiblyconnectednto acompactlob, coordinates
of the centroid,possiblywith poseinformation,or location
in world coordinates.

Traditionally, trackinghasbeenconsideredasa frame-
to-frameoperation[2. Recognitiortechniquesreoftentoo
slow to be directly usefulin this domain. However, there
aredomainsin which the of objectsof interestremainsta-
tionary mostof thetime, for example,keepingtrack of the
locationof usefulobjectsaroundthe house suchasglasses,
car keys, andthe TV remotecontrol. In this domain,us-
ing atraditionaltracker would be both a wasteof resources
while the objectswerestationaryandunreliablewhenthey
weremaving, assuchobjectsaretypically moved by peo-
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ple,andarethuspartially or totally occludedduringmostof
themove.

An alternatve approachin sucha domainis to watch
for actwvity in the ervironment, detectregions of change
that might represenbbjectsaddedto or removed from the
scenafteractiity hasceasedocally, andsendmagescon-
taining changedegionsto anobjectrecognizeffor evalua-
tion. Trackingan objectthenbecomesa discreteprocess,
with disappearanceand reappearanceseportedby cam-
erasin variouslocationsbeingintegratedinto an objectlo-
cation/historymodelasthey aregenerated.

In this paperwe describea prototypeMemory Assistant
tool we have developedthatemploys this approactwith the
goalof helpingpeoplewith slightto moderatanemoryloss
keeptrack of importantobjectsplacedaroundtheir home.
SuchmemorydifEcultiesare a signi£cantissuein the ag-
ing population,and a major factor contrituting to institu-
tionalizationof peoplewho might, with modesthumanand
machineassistancehe ableto live on their own for a sub-
stantialadditionalperiod. The tool hasbeenimplemented
in amodelhomethatis partof the Centerfor FutureHealth
at the University of Rochesterand demonstratedo work
robustly with asmallcollectionof ordinary3D objectswith
multiple camerasuneying multiple rooms.

2. Previous Work

Trackinginvolvesfollowing a setof featuresthrougha
sequencef images. Variousdifferent featureshave been
used,suchas contours[3], corners[20], shapeand color
[25]. Featuregletectedn oneimagearematchedo corre-
spondingfeaturesin the previousimage. Featuredetection
from oneimageto the next is frequentlyunreliabledueto
noiseand occlusion. To handlethis problem,researchers
have employedtechniquesuchasthe Kalman£lter[1] and
conditional density propagtion (Condensationpalgorithm
[3]. Boththesealgorithmswork by estimating,or predict-
ing, the location of the featuresbeingtracked in the next



image,andusingthe error betweerthe predictedandmea-
suredlocationto updatethe predictive model.

Image-basedobject recognition techniquesare more
generabndmoreeasilytrainablethanthosetheemploy ge-
ometricmodels.Currently the mostsuccessfugeneralob-
jectrecognitionsystemsarein this catejory. Most operate
by £ndingtheclosesimatchof atargetimagerepresentation
to alargenumberof storedprototyperepresentationsf ob-
jects. Advantagef this approactincludeeaseof training
andbeingfairly generalin objecttypesthat canbe recog-
nized.

Oneof the £rst examplesof image-basedbjectrecog-
nition wasthe useof neuralnetsto recognizewire objects
[15]. Perhapshebestknownwork is thatof subspaceneth-
ods,usedto recognizeaceq23] andlatermoregenerabb-
jects[11]. Basedon principal componentanalysis,these
approacheseducethe imagespaceto a subspacéhatcap-
turesmostof thevariationin theimagedataset. An objectis
representedsa manifoldin the subspaceandrecognition
is doneby projectingan unknavn imageinto the subspace
andlocatingthe nearesmanifold.

Subspacenethodgendto be sensitve to clutterandoc-
clusion. Techniquedasedon local imagefeaturesaddress
this problem. Several typesof local imagefeatureshave
beenexplored. Examplesinclude the responsedo a setof
steerableflters[16], scale-ivariantfeatureg[9], differen-
tial invariantg18], subspaceapproactappliedto sgmented
regions[7], andcontet patchedasedn contourg19].

OurMemoryAssistanhasalot in commorwith the£eld
of video suneillance. Both are concernedwith watching
the movementsof peopleand objectswithin a scene. Al-
gorithmsdevelopedfor the traditionalsuneillancedomain
mayprove usefulin ourhomehealthdomainandvice-versa.
Thereforewe presenta shortreview of relevantwork from
the£eldof videosunillance.

Typical video suneillance techniquesinvolve tracking
humans MIT' s PFindersystemtrackscoloredblobscorre-
spondingto a users head handstorso,andfeet[25. Rehg
et al., usemotion, color, and stereotriangulationto £nd
usersin front of a smartkiosk[17]. The VSAM projectde-
tectsand tracks multiple peopleand vehiclesin cluttered
scenesusingmultiple cameras[ft Simpleclassi£catiorin
human vehicle,or cluttercategoriesis performed.

Systemsthat detectsimple activities involving interac-
tion with tracked objectsincludeMorris andHogg[1J who
statisticallymodeltheinteractionsdetweerpeopleandcars,
and effectively quantify the statement,“Moving slowly
closeto a numberof carsis unusual. The W* system
detectsand tracks multiple people, carried objects, and
exchanges[b The Tl systemtracksobjectsand produces
agraphrepresentationf their spatio-temporatelations[3.
Eventsinvolving objects(appearanceglisappearancesn-
trance, exit, deposit,removal, motion, and rest) are de-

tectedby a rule-basedsystem.Irani and Anandandescribe
adifferentapproactto representingracked movementin a

scene[@ TheMIT Al Lab's forestof sensorgprojectuses
anadaptve backgroundnodelto trackandclassifymaving

objects. It alsolearnstypical patternsof actity for a site
sounusuakctiity canbedetected[2]L

3. Memory AssistantOverview

Thebasicideafor the Memory Assistants to have a set
of pan,tilt, zoomcamerasnonitor speci£docationsin the
home,suchasthe kitchencounter bedroomdressersetc.,
for movementof objectsandagents,usinga wide £eld of
view. After local activity hasceasedthe systemattemptgo
identify compactregions of changethat might correspond
to objectsaddedto or removed from the scenepr portions
thereof. The pan,tilt, zoomcapabilityis thenusedto take
close-up,high-resolutionimagesof regionswherechange
hasoccurredandtheimagesaresentto anobjectrecognizer
for evaluation.Thischeck<rstfor disappearanaef objects
previously recordedo be nearthe locationof changeand
thenfor the appearancef objectsof interest. The recog-
nizeremplgyed is a feature-basedystemfor rigid objects
thatis invariantto translation scale,and3D rotations,and
robustto signiEcantbackgrounctlutterand modestocclu-
sion. It employs shape-basef@aturesandthusis notdepen-
dentondistinctive color or stablelighting.
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Figure 1. System Overview

An overview of theMemoryAssistantsystems givenin
Figurel, with possibleaugmentationshadedEachcamera
watchesa designatedocation,suchasthe kitchencounter
An actvity detectordeterminesvhenthereis actwity (sub-
stantialmovement)in the scene. After the actiity ends,
an objectdiscovery systemdetectscompactregionsof the



scenethat have changed.The camerathen pansitilts, and
zoomsto take a close-upmageof eachof theseregions(up

to somelimit). Theseimagesare sentto the objectrecog-
nizerfor analysis. If anobjectis detectedn one of these
places,a found event for the objectis generatecand sent
to the location database.If no objectis foundin a place
whereanobjectwaspreviously located thenalost eventis

generatedor thatobjectandsentto thelocationdatabase.

The usercanthen querythe location databasdor cur
rent and pastlocationsof the objects. This is donevia a
userinterfacethatemplo/s atouchscreenyisualcuing,and
spolenandprintedlanguage.

Figure 2 shaws the detectionand recognitionof a cup.
(a) shaws the cup on the counter (b) shavs the objectdis-
covery subsystenhypothesizingthe cup as a foreground
region. (c) shows the zoomedimageof the cup usedfor
recognition,(d) shavs extractedcurve featuresusedby the
recognitionsystem.

(©) (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)
curves used in recognition

4. Activity Detector

It is theresponsibilityof the actiity detectionsystemo
watchthe sceneanddetectchangeshatmay correspondo
activity in asceneor to theappearancer disappearancef
anobject. The overall approachemploys a multiple-model
per pixel architecturesomevhat similar to that described
in [21], but with variousmodi£cations.Basically at each
pixel, the systemmaintainsone or more Gaussiarmodels

(upto somesmalllimit, generally3in ourexperimentsthat
representhe backgroundandary recentlyobsered fore-

groundvalues. Eachmodelmaintainsa meancolor value,
andavarianceestimateandthesevaluesareadaptive with a

time constanthatcanbe adjustedo recectvariablecondi-

tionsandframerates.Eachmodelalsomaintainshistoryin-

formationin theform of theestimatecpercenof thetimeiit

waschoserto explain the pixel valueon severaltime scales
(e.g.1,10,100,and1000seconds).

Each model is labeled as backgroundor foreground,
andthe modelsare sortedin orderof a “value” parameter
which is essentiallyan estimateof the value of the model
in explaining recenthistoryin minimumdescriptionlength
sensewherethebit costof themodelis addedn amortized
fashionto the bits requiredto encodethe residual. This
penalizedittle-usedmodels,and oneswith high variance.
Matchingis notdoneby £ndingthebestmatch ,whichleads
to undesirednodelcreepasobjectscomeandgo, but by a
£rstmatchprocedureywheremodelsarecomparedn order
of their value parameterand the £rst model that matches
the datawithin a given con£denceegion (e.g. 99 or 99.9
percent)is taken asthe explanation. If no modelmatches,
the one with lowest value parameteiis kicked out, and a
new foregroundmodelis initialized.

The value of the multiple modelsis thatmovementand
(multiple) new objectscan detectedwith high sensitvity,
without losing the old backgroundmodel,which is imme-
diately detectedbncethe new objectsdepart.To allow nev
objectsto be eventuallyignored,we permit persistenfore-
groundlabelsto convert to backgroundafter some(gener
ally long) time. The old backgrounds generallystill there
aswell.

Information is maintainedfor eachpixel aboutwhich
model was last active, and when the actve model last
changed. This, in conjunctionwith the history and label
information storedwith eachmodel, permitsa substantial
amountof reasoningto be done. We start with a single
backgroundnodelateachpixel, acquiredduringashortini-
tializationphase We decidef actiity is presenby looking
for recentchangesn the matchedmodel.

The systemruns in both monochromeand rgb color
modes.We have foundthe monochromenodeprovidesad-
equatedetectionin mostof the situationswe have tested.
With variousefEcieny optimizationsthe monochromeac-
tivity detectionprocessruns at approximatelyl5 Hz on
half-scalg(320x 240pixel) imagespnal.5GHzXeonpro-
cessarThecolor 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)andwe thenwait for activity to go below athreshold
for somespecifedjuiescenperiod. At this point, we per
form a connecteccomponentsanalysison the foreground
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Figure 3. Perceptual Grouping Hierarchy

labeledpixels, and extract compactcomponentsn an ap-
propriatesize rangefor analysis. Theseregions represent
potentialobjectsremovedfrom or addedo the scene.

For eachsuchregion (up to somelimit), thecamerasre
instructedto pan,tilt andzoomso that the foregroundre-
gion is approximatelycontainedin the centralhalf of the
image.Thesemagesaresentto the objectrecognitionsys-
tem for analysis. Due to shadevs, missedsectionsof the
object,andinaccurag in the kinematicmodelof the cam-
era,the locationof the region is impreciselyknown in the
high-resolutiorimage,andhencearecognizemustbeused
thatis robustto location,scale clutter, andminor occlusion,
aswell asto 3D rotationandlighting. Sinceframe-ratere-
sponsds not required,we cantake several seconddo run
therecognitionprocesawithout negatively affectingperfor
mance. This allows fairly sophisticatedalgorithmsto be
used. We usea high-performance3D recognizemwe have
developedpreviously.

5. Object Recognizer

The objectrecognizemwe useis feature-basednd em-
ploys a perceptuafroupinghierarcly, seeFigure3[12]. A

3D objectis fourth-level featurerepresentedby a group of

2D views. Eachof these2D viewsis third-level featurerep-
resentedby a group of overlappinglocal context patches

Eachlocal contet patchis a second-leel featureconsist-
ing of a windowed group of segmentedcurves (Erst-leel

features}hatis centerecbn andnormalizedby a key curve

TheseErst-level cune featuresareobtainedrom theimage
by low-level contoursegmentationprocess.Currently we
useonly connecteccontourseggmentsas £rst-level keying

featuresput otherprimitives(e.g.regionsor ribbons)could
besimilarly employed.

When provided with an image possibly containingone
or moreunknavn objects,the recognitionstartsby gener
ating context patchedor every segmentablecontourin the
image(often several hundred).Eachcontext patchis com-
paredagainsta databasef (several tensof thousandof)
context patchesextractedfrom training views, producing
from O to a few hundredmatches. Eachmatchgenerates
evidencefor a hypothesidor a 2D view (third-level group)
and poseparameters.Evidencefor consistentypotheses
arememged, using a Bayesianevidencecombinationstrat-
egy yielding a total evidencescorefor each2D view and
pose.The 2D view andposewith the mostevidenceis con-
sideredthe mostly likely object,andadditionalhypotheses
(e.g.for otherobjectclassesfanalsobeextracted.

The evidence score can then be usedto computethe
probability of a falsematch. As partof the training phase,
themeanandstandardieviationsof evidencescoredor the
imageswith the objectpresentand with the objectabsent
arecalculated Thefalsematchprobabilitycanbecomputed
by thelikelihoodthatthe evidencescorewasgeneratedy
the objectabsendistribution. Thisis atrue probability that
allows usto setobjectdetectionthresholdsn a principled
fashion. Full detailson the recognizerand evaluationare
availablein [13, 14].

6. Location Database

The location databasestores, collates, and answers
gueriesaboutobjectlocations. A locationdetectorcanre-
port the appearancer disappearancef an objectto the
database.The userinterface or other programscan then
guery the databasefor a list of objects currently being
trackedandtheir currentandpastlocations.

Thefollowing is a comprehensk list of commandsac-
ceptedby thelocationdatabase.

2 List tracked objects— List all objectscurrently being
tracked by the databasendthe time of the lastevent
concerninghatobject.

2 ReportObjectAppearancdevent— Usedby detectors
to reporttheappearancef anobjectfrom ascene.



2 ReportObjectDisappearanc&vent— Usedby detec-
tors to reportthe disappearancef an objectfrom a
scene.

2 QueryCurrentLocation—Returnthemostrecentevent
associateavith anobject.

2 QueryPrevious Location— Returnprevious eventsas-
sociatedvith anobject. Thisoptionis usefulto explore
thehistory of agivenobject.

2 Delete Event— Remawe an event from the database.
This optionis usefulwhena detectormisidentifesan
object.

Currently theonly locationdetectorin useis thevision-
basedbjectrecognizerbut thelocationdatabasés capable
of storinglocationinformationfrom othersourcessuchas
infrared(IR) tags,radiofrequeny (RF) tags,or evenother
specializedsision algorithms(e.g.facedetectors).

7. User Interface

The userinterfacewasdesignedo beintuitive andeasy
to use.By utilizing atouch-screelinterface,the needfor a
keyboardandmousewereeliminated.Theuseris presented
with asetof imagesof theobjectsthesystemis tracking.To
guerythe objectscurrentlocation, the usersimply presses
theimageof the objecthewishesto locate(SeeFigure 4).

Thesystempresentshe objectlocationto the userusing
a multi-modal approach. First, using the Festval speech
synthesizef22], it speakghe objects location. For exam-
ple, “The cupis on the kitchencounter”. This text is also
displayedfor the userto readand provides the userwith
the semantidocationof the object. Secondthe useris pre-
sentedvith awide-angleémageof the object’s currentloca-
tion with theobjectoutlinedwith agreenbox. Thisprovides
visualandspatialcuesfor thelocationof the object.

If the currentlocation of the objectis not known, the
systeminforms the userthat if doesnot know wherethe
objectis currently but also providesthe last location the
objectappearedn. Theideais thateventhoughthe system
cannottell the personexactly wherethe objectis right now,
it still mightbehelpfulto know whereit waslastseen.This
informationmay helptriggerthe users memoryasto what
they did with the object.

In addition,thesystermprovidesfacilitiesfor viewing the
history of objectlocationsanddeletingincorrectlocations.
Humansgventhosewith somememoryloss,shouldbeable
to recognizewhenthe systemhasmadea mistale andcor
rectit.

Thecurrentsystenconsistf threemachines-two dual
1.5GHzXeonprocessomachinesanda 1GHz Pentium4.
Thedualprocessomachinegachhandletheactvity recog-
nition for two Sory EVI-D30 pan,tilt, zoomcamerasThe

Figure 4. User Interface Window

uniprocessorunsthe location databasethe voice synthe-
sizer andthe userinterface. The total systemwatchesour
surfacesin threeseparateoomsof a model smarthouse.
For demonstratiompurposesthe systemusesa threeobject
databaseHowever, the objectrecognitionsystemhasbeen
testedn thelab with up to twenty-fourobjects.

8. Conclusion

Therearereal-world domainsin which trackingobjects
usingobjectrecognitionis a viable option. In a situationin
which the objectsof interestdo not frequentlymove, one
canwatchfor activity, andwhentheactvity hasendedap-
ply objectrecognitionto £nd objectsthat may have moved
andtheir new locations.

Our systemis 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 peopledueto the fact that there
is alwaysactiity beingdetectedsothe systemnever gets
a chanceto take a closelook at the regionsthat may have
changed. Sincethe target usersare eldersliving aloneor
with a care-gver, this situationshouldnot occurtoo fre-
quently

9. Future Work

Futurework will occuron seneralfronts. First, thereis
room for improvementof the underlyingcomputervision
technology Currently the objectrecognizelis constrained
to rigid objects.We areextendingit to recognizdessrigid
objects,suchascollectionsof keys. In addition,the activ-



ity recognizemwill be improved to allow a single camera
to watchmultiple locationsat the sametime. Using back-
groundregistration the systemwill trackobjectsin alarger
areawith the samehardwareinfrastructure.

Second,the systemneedsto be integratedwith other
smarthometechnologiesThe mostinterestingof theses a
spolennaturallanguagenterfacethatwould allow theuser
to askaboutobjectlocationsjust asif they wereaskingan-
otherperson. Infrared (IR) andradio frequeng (RF) tags
canalsobeusedto trackobjects.In thecurrenthome,some
objectsandlocationsareequipedwith IR tags. This infor-
mationwill beintegratedwith the currentsystem.

Otherissuesinclude sharingof smarthomeresources
with other applications. Other applicationsin the smart
homeincludea gait recognizera skin mapperanda med-
ication advisor Someutilize camerassimilar to the ones
usedin the Memory Assistant. Building a infrastructure
that allows theseand other applicationsto sharecameras,
memory andprocessorss beingbuilt. Thegoalis to have
a systemthatis inexpensve andeasilycustomizableo in-
dividual needs.
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