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Abstract

Tracking is frequertly considereda frame-to-frame operation. As sud, object recognition
techniques are generally too slow to be used for tracking. There are domains, however,
where the objects of interest do not move most of the time. In thesedomains, it is possible
to watch for activity in the sceneand then apply object recognition techniques to nd

the object's new location. This makes tracking a discrete processof watching for object
disappearancesand reappearances.We have developed a memory assistancetool that uses
this approacd to help peoplewith slight to moderate memory losskeeptrack of important

objects around the house. The systemis currently deployed in a prototype smart home.
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Keck Foundation



1 Intro duction

Tracking can be consideredto be the problem of answering the question where is a partic-
ular object at a given in point in time. The answer is generally expected to be low-level
information, e.g. pixels in the image belonging to the object, possibly connectedinto a
compact blob, coordinates of the certroid, possibly with poseinformation, or location in
world coordinates.

Traditionally, tracking has been consideredas a frame-to-frame operation[Bar-Shalom
and Fortmann, 1988; Vergheseet al., 1990]. Recognition techniques are often too slow to
be directly useful in this domain. Howewver, there are domains in which the of objects of
interest remain stationary most of the time, for example, keepingtrack of the location of
useful objects around the house,such as glasses.car keys, and the TV remote cortrol. In
this domain, using a traditional tracker would be both a waste of resourceswhile the objects
were stationary, and unreliable when they were moving, as suc objects are typically moved
by people,and are thus partially or totally occluded during most of the move.

An alternative approac in such a domain is to watch for activity in the environment,
detect regions of changethat might represen objects addedto or removed from the scene
after activity has ceasedlocally, and sendimagescontaining changedregionsto an object
recognizerfor evaluation. Tracking an object then becomesa discrete process,with disap-
pearancesand reappearanceseported by camerasin various locations being integrated into
an object location/history model as they are generated.

In this paper, we describe a prototype Memory Assistart tool we have deweloped that
employs this approad with the goal of helping people with slight to moderate memory
loss keeptrack of important objects placed around their home. Sudr memory ditculties
are a signi cant issuein the aging population, and a major factor cortributing to institu-
tionalization of peoplewho might, with modest human and machine assistance,be able to
live on their own for a substartial additional period. The tool has beenimplemented in a
model homethat is part of the Center for Future Health at the University of Rochester,and
demonstratedto work robustly with a small collection of ordinary 3D objects with multiple
camerassurveying multiple rooms.

2 Previous Work

2.1 Tracking

Tracking involvesfollowing a set of featuresthrough a sequenceof images. Various di®eren
featureshave beenused, such as contours [Blake and Isard, 1998],corners[Shi and Tomasi,
1994], shape and color [Wren et al., 1997]. Featuresdetected in one image are matched to
corresponding featuresin the previousimage. Feature detection from oneimageto the next
is frequertly unreliable due to noise and occlusion. To handle this problem, researdiers
have employed techniques such as the Kalman Tter [Azarbayejani and Perntland, 1995]
and conditional density propagation (Condensation) algorithm [Blake and Isard, 1998].
Both thesealgorithms work by estimating, or predicting, the location of the featuresbeing



tracked in the next image, and using the error betweenthe predicted and measuredliocation
to update the predictive model.

2.2 Image-Based Object Recognition

Image-basedobject recognition techniques are more generaland more easily trainable than
those the employ geometric models. Currently, the most successfulgeneral object recog-
nition systemsare in this category Most operate by nding the closestmatch of a target
image represertation to a large number of stored prototype represenations of objects. Ad-
vantages of this approadc include easeof training and being fairly generalin object types
that can be recognized.

One of the rst examplesof image-basedobject recognition was the use of neural nets
to recognizewire objects [Poggio and Edelman, 1990]. Perhapsthe best known work is
that of subspacemethods, usedto recognizefaces[Turk and Pentland, 1991]and later more
general objects [Murase and Nayar, 1995]. Based on principal componert analysis, these
approatesreducethe image spaceto a subspacethat captures most of the variation in the
image data set. An object is represerted as a manifold in the subspace,and recognition is
done by projecting an unknown imageinto the subspaceand locating the nearestmanifold.

Subspacemethods tend to be sensitive to clutter and occlusion. Tedniques basedon
local image features addressthis problem. Seweral typesof local image features have been
explored. Examples include the responseto a set of steerable ITters [Rao, 1997], scale-
invariant features [Lowe, 1999], di®erential invariants [Schmid and Mohr, 1996], subspace
approach applied to segmened regions [Huang and Camps, 1997], and context patches
basedon contours [Selingerand Nelson, 1999].

2.3 Video Surveillance

Our Memory Assistart has a lot in common with the "eld of video surveillance. Both are
concernedwith watching the movemerts of peopleand objects within a scene.Algorithms
deweloped for the traditional surveillance domain may prove useful in our home health
domain and vice-versa. Therefore, we presert a short review of relevant work from the eld
of video surveillance.

Typical video surveillance technigues involve tracking humans. MIT's PFinder system
tracks colored blobs corresponding to a user's head, hands, torso, and feet[Wren et al.,
1997]. Rehg et al., use motion, color, and stereo triangulation to nd usersin front of a
smart kiosk[Rehget al., 1997]. The VSAM project detects and tracks multiple peopleand
vehiclesin cluttered scenesusing multiple cameras[Collinset al., 1999]. Simple classi cation
in human, vehicle, or clutter categoriesis performed.

Systemsthat detect simple activities involving interaction with tracked objects include
Morris and Hogg[Morris and Hogg, 2000]who statistically model the interactions between
peopleand cars, and e®ectiely quartify the statemert, \Mo ving slowly closeto a humber
of cars is unusual." The W* system detects and tracks multiple people, carried objects,
and exchanges[Haritaogluet al., 2000]. The Tl systemtracks objects and producesa graph
represeration of their spatio-temporal relations[Courtney, 1997]. Events involving objects
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(appearance,disappearance,entrance, exit, deposit, remaoval, motion, and rest) are detected
by a rule-basedsystem. Irani and Anandan describe a di®erert approad to represering

tracked movemert in a scene[lraniand Anandan, 1998]. The MIT Al Lab's forest of sensors
project usesan adaptive badkground model to track and classify moving objects. It also
learnstypical patterns of activity for a site sounusual activity can be detected[Stau®erand

Grimson, 2000].

Davis and Bobick describe a method of classifying more detailed human movemert
patterns using a view-based\temp oral template" approac[Davis and Bobick, 1997]. Brand
et al. usecoupled HMMs to represern gesturesthat involve both arms[Brand et al., 1997].
Oliver et al. usethe sameframework to model human interactions[Oliver et al., 2000].

3 Memory Assistant Overview

The basicideafor the Memory Assistart is to have a set of pan, tilt, zoom camerasmonitor

speci ¢ locations in the home, such as the kitchen courter, bedroom dressers,etc., for

movemert of objects and agerts, using a wide eld of view. After local activity has ceased,
the systemattempts to identify compactregionsof changethat might correspond to objects
addedto or removed from the scene,or portions thereof. The pan, tilt, zoom capability is

then usedto take close-up,high-resolution imagesof regionswhere changehasoccurred, and

the imagesare sert to an object recognizerfor evaluation. This cheds rst for disappearance
of objects previously recordedto be nearthe location of change,and then for the appearance
of objects of interest. The recognizeremployed is a feature-basedsystem for rigid objects
that isinvariant to translation, scale,and 3D rotations, and robust to signi cant badground

clutter and modest occlusion. It employs shape-basedfeatures and thus is not dependert

on distinctiv e color or stable lighting.

An overview of the Memory Assistant systemis givenin Figure 1, with possibleaugmen-
tations shaded. Each camerawatches a designatedlocation, sudch as the kitchen courter.
An activity detector determineswhen there is activity (substantial movemert) in the scene.
After the activity ends, an object discovery system detects compact regions of the scene
that have changed. The camerathen pans, tilts, and zooms to take a close-upimage of
ead of theseregions (up to somelimit). Theseimagesare sen to the object recognizer
for analysis. If an object is detected in one of these places, a found event for the object
is generatedand sert to the location database. If no object is found in a place where an
object was previously located, then a lost evert is generatedfor that object and sen to the
location database.

The user can then query the location database for current and past locations of the
objects. This is done via a user interface that employs a touch screen,visual cuing, and
spoken and printed language.

Figure 2 shows the detection and recognition of a cup. (a) shows the cup on the courter.
(b) shows the object discovery subsystemhypothesizingthe cup asa foreground region. (c)
shows the zoomedimage of the cup usedfor recognition, (d) shaws extracted curve features
usedby the recognition system.
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Figure 2: (a) The cup on the courter, (b) the cup detected by the activity recognizer,(c)
zoomed image usedfor recognition, (d) curvesusedin recognition



4 Activit y Detector

It isthe responsibility of the activit y detection systemto watch the sceneand detect changes
that may correspond to activity in a sceneor to the appearanceor disappearanceof an
object. The overall approach employs a multiple-model per pixel architecture somewhat
similar to that described in [Stau®erand Grimson, 2000], but with various modi cations.

Basically, at ead pixel, the system maintains one or more Gaussian models (up to some
small limit, generally3in our experiments) that represern the badkground, and any recertly

obsened foreground values. Each model maintains a mean color value, and a variance
estimate, and thesevaluesare adaptive with a time constart that can be adjusted to re°ect
variable conditions and frame rates. Each model also maintains history information in the
form of the estimated percent of the time it waschosento explain the pixel value on seweral
time scales(e.g. 1, 10, 100, and 1000seconds).

Each model is labeledasbadkground or foreground, and the modelsare sorted in order of
a\v alue" parameter, which is essetially an estimate of the value of the model in explaining
recen history in minimum description length sensewherethe bit costof the model is added
in amortized fashion to the bits required to encade the residual. This penalizeslittle-used
models, and oneswith high variance. Matching is not doneby nding the bestmatch, which
leadsto undesiredmodel creepasobjects comeand go, but by a rst match procedure,where
modelsare comparedin order of their value parameter, and the rst model that matchesthe
data within a givencon denceregion(e.g. 99 or 99.9percen) is takenasthe explanation. If
no model matches,the onewith lowest value parameter is kicked out, and a new foreground
model is initialized.

The value of the multiple modelsis that movemert and (multiple) new objects can de-
tected with high sensitivity, without losing the old badground model, which is immediately
detected once the new objects depart. To allow new objects to be eventually ignored, we
permit persistert foreground labels to corvert to badkground after some (generally long)
time. The old badkground is generally still there aswell.

Information is maintained for ead pixel about which model was last active, and when
the active model last changed. This, in conjunction with the history and label information
stored with ead model, permits a substartial amount of reasoningto be done. We start
with a single badkground model at ead pixel, acquired during a short initialization phase.
We decideif activity is presert by looking for recert changesin the matched model.

The system runs in both monochrome and rgb color modes. We have found the
monochrome mode provides adequate detection in most of the situations we have tested.
With various exciency optimizations, the monochrome activity detection processruns at
approximately 15 Hz on half-scale (320 x 240 pixel) images,on a 1.5GHz Xeon processor.
The color version is about 30% slower.

To discover potential objects, we integrate activit y over the ertire image. If this exceeds
a threshold, we concludethat somethingis going on, (e.g. a human agen is in the scene),
and we then wait for activit y to go below a threshold for somespeci ed quiescen period. At
this point, we perform a connectedcomponerts analysis on the foreground labeled pixels,
and extract compact componerts in an appropriate sizerange for analysis. These regions
represen potential objects, removed from or addedto the scene.
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For eat sud region (up to somelimit), the camerasare instructed to pan, tilt and zoom
sothat the foreground region is approximately contained in the certral half of the image.
Theseimagesare sert to the object recognition systemfor analysis. Due to shadowvs, missed
sectionsof the object, and inaccuracy in the kinematic model of the camera, the location
of the region is imprecisely known in the high-resolution image, and hence a recognizer
must be usedthat is robust to location, scale,clutter, and minor occlusion, aswell asto 3D
rotation and lighting. Sinceframe-rate responseis not required, we can take se\eral seconds
to run the recognition processwithout negatively a®ectingperformance. This allows fairly
sophisticated algorithms to be used. We use a high-performance, 3D recognizerwe have
developed previously.

5 Object Recognizer

The object recognizerwe useis feature-basedand employs a perceptual grouping hierarchy,
seeFigure 3[Nelsonand Selinger,1998a]. A 3D obiject is fourth-level feature represened by
a group of 2D views. Each of these 2D views is third-lev el feature represenied by a group
of overlapping local context patches Each local context patch is a second-leel feature
consisting of a windowed group of segmeted curves ( rst-lev el features) that is certered
on and normalized by a key curve. These rst-lev el curve features are obtained from the
image by low-level corntour segmemation process.Currently, we useonly connectedcortour
segmetts as rst-lev el keying features, but other primitiv es (e.g. regionsor ribbons) could
be similarly employed.

When provided with an image possibly cortaining one or more unknown objects, the
recognition starts by generating context patchesfor every segmetable contour in the image
(often seweral hundred). Each context patch is comparedagainst a databaseof (seweral tens
of thousandsof) context patchesextracted from training views, producing from 0 to a few
hundred matches. Each match generatesevidencefor a hypothesisfor a 2D view (third-
level group) and poseparameters. Evidence for consistent hypothesesare merged, using a
Bayesian evidence combination strategy yielding a total evidencescorefor eat 2D view
and pose. The 2D view and posewith the most evidenceis consideredthe mostly likely
object, and additional hypotheses(e.g. for other object classes)can also be extracted.

The evidencescorecan then be usedto compute the probability of a false match. As
part of the training phase,the mean and standard deviations of evidence scoresfor the
imageswith the object present and with the object abseri are calculated. The false match
probability can be computed by the likelihood that the evidencescorewas generatedby the
object absen distribution. This is a true probability that allows us to set object detection
thresholdsin a principled fashion. Full details on the recognizerand evaluation are available
in [Nelsonand Selinger,1998b; Nelson and Selinger, 2000].

6 Location Database

The location databasestores, collates, and answers queriesabout object locations. A loca-
tion detector canreport the appearanceor disappearanceof an object to the database. The
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user interface or other programs can then query the databasefor a list of objects currently
being tracked and their current and past locations.

The following is a comprehensiw list of commandsacceptedby the location database.

2 List tracked objects { List all objects currently being tracked by the databaseand the
time of the last event concerningthat object.

2 Report Object AppearanceEvernt { Usedby detectorsto report the appearanceof an
object from a scene.

2 Report Object DisappearanceEven { Usedby detectorsto report the disappearance
of an object from a scene.

2 Query Current Location { Return the most recernt evert assaiated with an object.

2 Query Previous Location { Return previous everts assaiated with an object. This
option is useful to explore the history of a given object.

2 Delete Evert { Remove an evert from the database. This option is useful when a
detector misiderti es an object.

Currently, the only location detector in useis the vision-basedobject recognizer, but
the location databaseis capable of storing location information from other sourcessuc as
infrared (IR) tags, radio frequency (RF) tags, or even other specialized vision algorithms
(e.g. face detectors).

7 User Interface

The userinterface was designedto be intuitiv e and easyto use. By utilizing a touch-screen
interface, the needfor a keyboard and mousewere eliminated. The useris preseried with

a set of imagesof the objects the systemis tracking. To query the objects current location,

the user simply presseshe image of the object he wishesto locate (SeeFigure 4).

The systempreserts the object location to the userusing a multi-mo dal approac. First,
using the Festival speed synthesizer [Taylor et al., 1998],it speaksthe object's location.
For example,\The cup is on the kitchen counter”. This text is also displayed for the user
to read and provides the userwith the semartic location of the object. Second,the useris
preseried with a wide-angleimage of the object's current location with the object outlined
with a greenbox. This provides visual and spatial cuesfor the location of the object.

If the current location of the object is not known, the system informs the user that if
doesnot know where the object is currently, but also provides the last location the object
appearedin. The ideais that eventhough the systemcannot tell the personexactly where
the object is right now, it still might be helpful to know where it was last seen. This
information may help trigger the user'smemory asto what they did with the object.

In addition, the system provides facilities for viewing the history of object locations and
deleting incorrect locations. Humans, even those with somememory loss, should be able to
recognizewhen the systemhas made a mistake and correct it.
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Figure 4. User Interface Window
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The current system consistsof three machines { two dual 1.5GHz Xeon processorma-
chines, and a 1GHz Pertium 4. The dual processormacdiines ead handle the activity
recognition for two Sory EVI-D30 pan, tilt, zoom cameras. The uniprocessorruns the lo-
cation database, the voice synthesizer, and the user interface. The total system watches
four surfacesin three separaterooms of a model smart house. For demonstration purposes,
the systemusesa three object database. Howewer, the object recognition system has been
tested in the lab with up to twenty-four objects.

8 Conclusion

There are real-world domainsin which tracking objects using object recognition is a viable
option. In a situation in which the objects of interest do not frequertly move, one canwatch
for activity, and when the activity has ended, apply object recognition to nd objects that
may have moved and their new locations.

Our system is currently running in prototype smart home. It keepstrack of objects
placedin four locations { the bedsidetable, living room table, kitchen courter, and the bar
area. The systemperforms well with a few peoplein the housemoving the objects around.
Performance degradeswith crowds of people due to the fact that there is always activity
being detected, so the system never gets a chanceto take a closelook at the regionsthat
may have changed. Sincethe target usersare eldersliving alone or with a care-giwer, this
situation should not occur too frequertly .

9 Future Work

Future work will occur on seneral fronts. First, there is room for improvemernt of the
underlying computer vision technology. Currently, the object recognizeris constrained to
rigid objects. We are extending it to recognizelessrigid objects, such ascollections of keys.
In addition, the activity recognizerwill be improved to allow a single camerato watch
multiple locations at the sametime. Using badkground registration, the systemwill track
objects in a larger areawith the samehardware infrastructure.

Second, the system needsto be integrated with other smart home technologies. The
most interesting of these is a spoken natural languageinterface that would allow the user
to ask about object locations just asif they were asking another person. Infrared (IR) and
radio frequency (RF) tags can also be usedto track objects. In the current home, some
objects and locations are equiped with IR tags. This information will be integrated with
the current system.

Other issuesinclude sharing of smart home resourceswith other applications. Other
applications in the smart home include a gait recognizer,a skin mapper, and a medication
advisor. Someutilize camerassimilar to the onesusedin the Memory Assistant. Building
a infrastructure that allows these and other applications to share cameras, memory, and
processorsis being built. The goal is to have a system that is inexpensive and easily
customizableto individual needs.
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