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Abstract— We present a robotic walking aid capable of learning
modelsof users'walking-r elatedactivities. Our walker is instrumented
to provide guidanceto elderly peoplewhen navigating their envir on-
ments; however, suchguidanceis dif�cult to provide without knowing
what activity a personis engagedin (e.g., wherea personwants to go).
The main contribution of this paper is an algorithm for learning mod-
elsof usersof the walker. Thesemodelsare de�ned at multiple levels
of abstractions, and learned fr om actual usagedata using statistical
techniques.We demonstratethat our approachsucceedsin determin-
ing the speci�c activity in which a userengageswhenusing the walker.
One of our proto-type walkers was testedin an assistedliving facility
near Pittsburgh, PA; a morerecentmodelwasextensively evaluated in
a university envir onment.

I . INTRODUCTION

We presenta robotic walker for elderly peopledesigned
to provide guidanceto peoplewho arecognitively or men-
tally frail and otherwisein dangerof getting lost. To as-
sistsuchpeoplein theirdaily walking-relatedactivities, it is
bene�cial for thewalkerto acquireamodelof people'sdaily
routines.Ourwalkerdoesjust this: by passively monitoring
people'swalkingactivities, it developsahierarchicalmodel
of people's daily walking routines.

Ourwalkersextendcommercialwalkingaids,asshown in
Figure1. Both proto-typesareequippedwith a laser-based
navigationsystemfor localizationrelative to a learnedenvi-
ronmentmap,adisplayfor providing directionsto its users,
a touch-basedinterfacefor receiving commands,andanac-
tive drive mechanismequippedwith a clutch for switching
betweenactive andpassive mode. The guidanceprovided
by the walker is similar to car-basedGPSsystems,in that
it informs individual userswhereto go whenattemptingto
navigateto a targetdestination[10].

A key ability of ourwalker is thatit learnsmodelsof peo-
ple's motion behaviors. Thesemodelsare acquiredwhen
thedeviceis usedwith andwithoutproviding guidance.The
modelis de�nedatmultiplelevelsof abstraction:It includes
a representationof principled activities, topological loca-
tions throughwhich a personmay navigate,and low-level
metriclocations.A hierarchicalhybrid semiMarkov model
ties togetherthesemultiple modelsinto a single coherent
mathematicalframework. Theparametersof themodelare
learnedin aseparateteach-inphase,in whichapersonlabels
speci�c activities (e.g.,a caregiver). Whenusedfor every-

(a)Earlyprototype (b) Currentlight-weightwalker

Fig.1. Two roboticwalkersdevelopedontopof acommercialwalkingaid.
Both walkersprovide navigationalguidanceandcan,thougha clutch,
becontrolledsoasto parkthemselves.

day navigational assistance,our learnedmodel is capable
of identifyingindividualwalking-relatedactivitieswith high
reliability. Weconjecturethattheability to learnsuchmod-
els andrecognizeindividual activities just from the way it
is usedis an essentialpreconditionto build truly effective
roboticwalkingaidsfor theelderly.

Experimentalresultsillustratethatahighlyaccuratemodel
is learnedafteronly a few daysof usingthewalker. In par-
ticular, we have found 100% accuracy in classi�cation of
activities whentestedon independentlycollecteddata—for
thedurationof anentiretestingday.

I I . PRIOR WORK

Theideaof building roboticwalkingaidsisnotnew. Most
existing roboticdevicesareactive aids—meaningthat they
sharecontrol over motion with the user—andareaimedat
obstacleavoidanceandpathnavigation. Thereexist a num-
ber of wheelchairsystems[14], [17], [19], [23] aswell as
several walker- andcane-baseddevices[5], [13], [9], [21]
targetedat blind and elderly people. A technologywith
somesimilarities to ours is the walker-basedGuido sys-
tem. Guido evolved from Lacey andMacNamara's PAM-



AID, and was designedto facilitate independentexercise
for thevisually impairedelderly. It providespower-assisted
wall or corridor following [9]. Dubowksy et al's PAMM
(PersonalAid for Mobility and Monitoring, distinct from
PAM-AID) projectfocuseson healthmonitoringandnavi-
gation for usersin an eldercarefacility, andmost recently
hasadopteda custom-madeholonomicwalker frameasits
physical form [6], [25]. Wassonand Gunderson's walk-
ers rely on the user's motive force to propel their devices
andsteerthefront wheelto avoid immediateobstacles[30],
[29]. A similar device by Morris et al [21] also provides
guidanceandforcefeedbackthrougha hapticinterface.All
four of thesewalkersaredesignedto exert somecorrective
motor-driven force, althoughpassive modesare available.
Our overall approachis similar to [6], [10], [25] in physical
shapeandappearance,in that it is basedon a light-weight
off-the-shelfwalker frame.Theability to provide guidance
is similar in functionality to the one [10], [21]. However,
noneof thesesystemslearnsand analyzesthe motion of
its users. This paper�lls this importantgap: our walker
is uniquein its ability to learnausermodel.

Outsidetherealmof roboticwalkers,theideaof learning
modelsof people's motion is not new. Most notably, Ben-
newitz et al [2], [3] have developedtechniquesfor learning
modelsof people's motion,asobservedfrom a nearbymo-
bile robot.Othershave learnedbehavioral modelsof people
from cameraimages[1], [7], [11]. Theactivity of discrete
activities is alsorelatedto therich literatureof planrecogni-
tion [12]. Thework hereis related,in thatit acquiresstatisti-
calmodelsof behavior. However, it appliesthesetechniques
to a new andimportantdomain.Further, our approachinte-
grateslearningof behaviorsatmultiplelevelsof abstraction,
andit ties thesetogetherwhenanalyzinghigh-level activi-
ties.

The speci�c mathematicalmodelsproposedherearehi-
erarchicalandmixeddiscrete-continuous.Within therealm
of discretestatisticalmodels,a moregeneralclassof hier-
archicalmodelswere proposedin [22], [8], and learning
algorithmswere presentedin [27]. The work hereplaces
aninstanceof this moregeneralmathematicalmodelin the
context of a speci�c application; further, it extendsit by
a continuouscomponent,as previously proposedfor non-
hierarchicalmodelsin [16].

I I I . LEARNING MODELS OF USERS

A. Hierarchical StateSpace

Ourapproachmodelsactivitiesat threelevels:

1. Themetric location of a personoperatingthewalker is
comprisedof herx-y-locationalongwith herheadingdirec-
tion � . The locationvectorat time t is denoted� t . Deter-
mining � t for aninstrumentedwalker is essentiallyametric

Fig. 2. Topologicaldecompositionof a large foyer environmentin the
Longwoodassistedliving facility nearPittsburgh,PA..

localizationproblem, for which a numberof effective al-
gorithmsexist [4], [15]. In our system,the location � t is
obtainedby runningtheCarmensoftwarepackage[20].

2. Thetopologicallocation of apersonis determinedbased
on a manuallypartitionedenvironmentmapinto topologi-
cal regions. Regionscorrespondto rooms,corridors,foy-
ers, and so on. Eachof theseregions is given a unique
identi�er. The topologicallocationat time t is denoted� t .
Thetopologicallocationis afunctionof themetriclocation:
� t = g(� t ). Sincewe obtainaccuratemetric coordinates
from ourmetriclocalizer, we trivially obtaintopologicallo-
cationsas well. Figure 2 depictsa topologicaldecompo-
sition of the environment. While this decompositionwas
speci�ed manually, algorithmsexist for �nding similar de-
compositionsautomatically[28].

3. Thelogical activity in which a personis engagedforms
themostabstractlevel of our hierarchy. We distinguishtwo
typesof activities: Activitiescarriedout in asinglelocation
(e.g.,apersoneatinglunch),andactivities thatinvolvesmo-
tion betweenmultiple locations(e.g.,walking from thedin-
ing hall backto one's room).Eachactivity is givenaunique
identi�er. Thelogicalactivity attimet will bedenoted
 t . In
thetrainingphase,weassumetheactivity is provided(e.g.,a
caregivermanuallylabelsthedatasequence).Duringevery-
day operation,the activity is not directly observable; thus,
weneedastatisticalframework for estimatingactivity from
sequencesof locations.

Clearly, thestateat eachlevel changesover time. How-
ever, it doessoatvastlydifferenttimescales.Changesatthe
metric location level occur continuously, and are reported
backat a samplerateof ten Hertz. At the the topological
level, changesoccurmuchlessfrequently:It maytakemore
thanaminutefor frail elderlypeopleto movefromonetopo-
logical region to another. At theactivity level, thechangeis



evenslower: An activity caneasilypersistfor half anhour.

To accommodatethesevastly different time scales,our
approachutilizesdifferenttime indicesfor thedifferentlev-
els. At thelowestlevel, we usetheregular �x edtime inter-
val providedby theCarmensoftware;time will bedenoted
by t. At thetopologicallevel, we will usethetime index k.
Thevariablek is incrementedwhenever thetopologicallo-
cationchanges.Finally, at theactivity level we will usethe
timeindex s. Thevalueof s is incrementedwhenevertheac-
tivity changes.Both moreabstracttime indicesarevariable
anddependon a person's actions.Markov chainsin which
statestransitionatvariableratesareknown assemi-Markov
chains[18], [26].

ThesetB = f � k ; t[k]g denotesthesequenceof topologi-
calevents;heret[k] is thetimeatwhichaperson's topolog-
ical locationchanges.C = f 
 s; t[s]g shallbethesequence
of activities. Again, t[s] modelsthe time at which sucha
changeoccurs.We notethat it is straightforward to extract
the duration of an event. For example,the durationof an
eventin B is givenby � k = t[k + 1] � t[k].

B. TheHierarchical ProbabilisticSemiMarkov Model

Ourgenerativeprobabilisticmodel—whichformstheba-
sisfor theinferenceof activitiesfromdata—isde�nedthrough
four conditionalprobability distributions that characterize
theevolutionof stateover time. The�rst two of thesedistri-
bution operateat thetopologicaltime resolutionk, whereas
theothertwo arede�ned for theactivity level times.

� p(� 0 j � ; 
 ) is thethetransitionprobabilitybetweentopo-
logical locations,conditionedon theactivity 
 . This prob-
abilistic functionde�nes statetransitionsat the topological
level.

� p(� j � ; 
 ) is thedistributionoverdurationsspentin topo-
logical regions� , conditionedon theactivity 
 . Here� is a
continuousvariable.Notice that this distribution is de�ned
over acontinuousdomain.

� p(
 0 j 
 ) measuresthetransitionprobabilityfor activities,
modeledat theactivity level.

� p(f (t[s]) j 
 ) is a time-of-daydistribution for activities:
It measuresthe time of day at which an activity 
 may be
initiated.Heref (t[s]) is afunctionthatextractsthetime-of-
dayfrom a time stampt by removing thedateinformation.
For example,f (“11:45:22on7/12/2003”) = “11:45:22”.

Underthismodel,theprobabilityof thedatasequencesB ; C
is thengivenby thefollowing product:

p(B ; C) =
Y

k

p(� k j � k � 1; 
 k � 1) p(� k j � k ; 
 k )

�
Y

s

p(
 s j 
 s� 1) p(f (t[s]) j 
 s) (1)

Clearly, theprobabilisticmodelhasbeendesignedcarefully
so asto modelthe essentialsof activities of elderlypeople
usingour walker. For example,our modelignoresthespe-
ci�c metric trajectoryde�ned by thevariables� ; thoseare
only usedto calculatethetopologicalregion � . Thereason
for being oblivious to the speci�c trajectory is its depen-
denceon a greatnumberof factors,suchas other people
that might block the way. Our speci�c choiceof temporal
models—thetime a personstaysat a singletopologicallo-
cationandthetime-of-dayanactivity is initiated,arehighly
informative: The former allows us to identify activities in
which a personstaysin the samesingle topologicalloca-
tion for extendedperiodsof time (e.g,watchingtelevision).
Thelatterhelpsus identify activities thatoccurat regularly
scheduledtimes,suchaseatinglunch.

C. LearningTheModel

The�rst twoprobabilitiesarede�nedoverdiscretespaces.
Hence,we usea Laplacianestimatorfor estimatingthese
transitionprobabilities:

p(� 0 j � ; 
 )

=

X

k

I (� k = � 0^ � k � 1 = � ^ 
 k � 1 = 
 ) + c

X

k

I (� k � 1 = � ^ 
 k � 1 = 
 ) + cj� j
(2)

HereI is the indicator function which is 1 if its argument
is true, and 0 otherwise. The parameterc is the parame-
ter of a Dirichlet prior: It canbethoughtof asa “pseudo”-
observation that preventstransitionprobabilitiesof zero(a
commontechniquein the literatureon speechrecognition).
For c = 0, this expressionbecomesthestandardmaximum
likelihoodestimator.

Similarly, for theactivities 
 wehave

p(
 0 j 
 ) =

X

s

I (
 s = 
 ; ^ 
 s� 1 = 
 ) + c

X

s

I (
 s� 1 = 
 ) + cj
 j
(3)

Theremainingprobabilitydistributionsarede�nedovercon-
tinuousvalues,but conditionedon discretevariables. Our
approachrepresentsthesedistributionsby conditionalGaus-
siandistributions:

p(� j � ; 
 ) � N (� � ;
 ; � 2
� ;
 ) (4)

p(f (t) j 
 ) � N (� 
 ; � 2

 ) (5)

whereN (�; � 2) denoteda Gaussianwith mean� andvari-
ance� 2. Themeanandvarianceareobtainedusingthestan-



dardestimationequations:
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Theseestimatorsgeneratethe maximumlikelihood Gaus-
sians.

D. Inferring Activities

During everydayuse,we cannotobserve theactivities 
 .
We areonly given thesetB of topologicaltransitions,and
thetimesatwhich 
 changes(e.g.,detectedby apersonen-
gagingor disengagingfrom thewalker). Theproblemof in-
ferring theactivities 
 from datais thenasemi-HMM,short
for semi hiddenMarkov model. Inferencefor this model
canthenbecarriedout usingany of thestandardHMM in-
ferencealgorithms,suchastheBaumWelchalgorithm[24]
andits hierarchicalextensions[22].

With ourwalker, weareinterestedin inferringthepresent
activity of a personin real time. This is achieved by the
Bayes�lter , analgorithmequivalentto the forwardpassin
BaumWelch.TheBayes�lter calculates,for any timet, the
probability that theperson's activity is 
 t giventhepresent
andpastdata.If we denotethedataup to time t by B [0; t],
we seekto estimatep(
 t j B [0; t]). This expressionnicely
decomposes,thanksto ourchoiceof thehierarchicalmodel.
First, we notethat if we de�ne s� asthe time index of the
mostrecentactivity change,weobtain:

p(
 t j B [0; t])

=
X


 s �

p(
 t j 
 s� ; B [0; t]) p(
 s� j B [0; t])

=
X


 s �

p(
 t j 
 s� ; B [s� ; t]) p(
 s� j B [0;s� ]) (10)

Herewesplit thedataB into twoparts:B [0;s� ] andB [s� ; t].
ThesetB [0;s� ] containsall itemscollectedbeforethetime

Initially, set� (
 ) = uniform for all activities 
 .

When activity change detected at time t, use
� (
 0) = p(t j 
 0)

P

 p(
 0 j 
 )� (
 ) as the new esti-

mate(afternormalization).

When the topologicallocationchangesfrom � to � 0 after
beingin � for adurationof � , multiply � (
 ) by p(� 0 j � ; 
 ) �
p(� j � ; 
 ) andnormalize.

TABLE I

ALGORITHM FOR CALCULATING POSTERIORS � OVER ACTIVITIES 
 .

at which s� occurred(this time is denotedt[s� ]). The re-
mainingdata,gatheredin thetimeinterval fromt[s� ] through
t, is denotedB [s� ; t]. Thetransformationaboveexploits the
fact that the hiddenvariable
 is the only hiddenstatein
the model—every otherstatevariableis observable. Thus,

 rendersthe pastand future conditionally independent—
which is thede�ning propertyof Markov chains.

In otherwords,whenever anactivity changes,it suf�ces
to memorizethe posteriordistribution p(
 s j B [0;s]) over
the activity at that time. Datagatheredbeforethat activity
changecarriesno further informationrelative to the prob-
lem of estimatingthecurrentactivity. This importantchar-
acteristicof ourapproach(andMarkov chainsin general)is
documentedby thefactthat(10) is indeeda recursion.

Unfortunately, activities changeslowly. However, a sim-
ilar Markov propertycanbeexploitedfor theestimatesbe-
tweenactivity changes.

p(
 t j 
 s� ; B [s� ; t]) / p(f (t[s� ]) j 
 )
Y

� k 2 B [s� ;t ]

p(� k j � k � 1; 
 ) p(� k j � k ; 
 ) (11)

Thisagain lendsitself nicely to a recursive implementation:
While no activity changeoccurs,the posteriorprobability
of eachactivity 
 is simply updatedin proportion to the
transitionprobabilitiesp(� k j � k � 1; 
 ) andthe duration
probabilitiesp(� k j � k ; 
 ).

Theresultingalgorithmis depictedin TableI. Noticethat
it is extremelysimple:Wheneverastatechangeis observed,
thecorrespondingprobabilityis multipliedinto theposterior
stateestimate.oncea posteriorestimateof theactivity has
beenobtained,it is straightforward to calculatethe likeli-
hoodof thedatasequencefrom Equation(1).

IV. RESULTS

We conducteda numberof experimentsto evaluatethe
ability of our approachto learngoodpredictive modelsof
its users.Themodellearningresultswereachievedon data



Fig. 3. Predictedactivity usingour learnedmodelplottedaslog-likelihoods,andtheactualactivity of a personduringanentireday. Eachtime stepon
thehorizontalaxiscorrespondsto achangeof thetopologicallocationor theactivity, andeachrow correspondsto oneof ninedifferentactivities. The
predictionsareremarkablyaccurate!

collectedover a four-day periodwith an individual user(a
student). Figure 4 shows the testingenvironment,which
coversthreedifferent�oor levels in two differentbuildings
connectedby a walkway andtwo elevators. All resultsin-
volve genuinemotion. For learning,the guidancesystem
wasswitchedoff to avoid the obvious biasassertedby the
active guidancesystem. Within thosefour days,we col-
lectedmorethan60,000positiondata,from which we de-
rived a total of 213 topologicalstatetransitions. The map
wassubdividedinto 86 locations.It spannedthreedifferent
buildings,andwithin thesebuildingsa total of threediffer-
ent �oors, which wereaccessedthroughthreedifferentsets
of elevators.Oneof thedayswaswithheldfrom thedatato
serveasindependenttestingdata;all otherdatawasusedfor
training.

We foundthatour modelpredictedpeople's activity with
100%accuracy, for a total of 61 activities andtopological
locationchangesin thetestingdata.This resultis illustrated
in Figure 3. Shown thereis a sequenceof 61 probability
distributionsover 9 possibleactivities. Eachdistribution is
plottedaslog-likelihood: thebrighteranactivity, themore
likely it is. Theredline in thisdiagramdepictsgroundtruth:
clearly, the predictionof activities is remarkablyaccurate.
This illustratesthat the featureschosenin our model are
well-suitedfor modelinguseractivities.

Componentsof thelearnedmodelarevisualizedFigures5
through 7. Figure 5 shows two examplesof topological
transitiontablesfor the conditionalprobabilitydistribution
p(� 0 j � ; 
 ). This distribution measurestheprobabilitythat
apersonentersregion � 0 from � in activity 
 . As shouldbe
apparentfrom this graph,thereis a hugediversity of tran-
sition functions. For the activity “at lunch,” the personre-
mainsat a singlelocation(thedining hall), whereasfor the
activity “returning from lunch” shetraversesa numberof
regionsin mostly�x edorder.

Figure6 showsthetransitiontablebetweenactivities,that
is, the learnedprobability distribution p(
 0 j 
 ). Again,
mostactivities occurin somesort of sequence,thoughnot
all. This remarkablydeterministicbehavior is a key reason
for the high predictive accuracy of our approach.Finally,

Figure7 shows thedistribution for thetime of dayat which
anactivity is usuallycarriedout. Herewe �nd speci�c time
dependencefor a numberof activities. This shouldcomeas
little surprise,sincecertainactivities (suchaslunch-related
activities)occurataboutthesametimeeveryday.

Ourguidanceactivitieswereratherinformal,andaremostly
documentedin [10]. We essentiallytestedthe walker with
a numberof elderly people,who by andlarge showed ex-
citementfor this new concept.An informal lab evaluation
showedthatpointingto thenext topologicalregion leadsto
moreintuitiveguidancethanpointingin thedirectionof the
�nal target location. In a previous relatedsystem[21], we
foundthattheguidancecaneffectively deliver peopleat lo-
cationsthatthey mightotherwisebeunableto �nd.

V. CONCLUSION

We have presenteda robotic walker designedto provide
guidanceto people,andthat is ableto learnmodelsof peo-
ple'swalkingactivities. Ourapproachto learningthismodel
is a hierarchicalMarkov modelthatoperatesat threediffer-
ent levels: A metric motion level at which location is de-
scribedby metric coordinates,a topologicalmotion level
which usestopologicalregionsasits basicelement,andan
activity level, atwhichaperson'swalkingactivitiesarelog-
ically subdividedinto broadercategories.

Our modelis trainedfrom labeleddata.In particular, our
approachlearnedtransitionprobabilitiesfor the two upper
levels, and duration and time-of-day distributions. Once
learned,it usesBayesian�ltering to determinethe speci�c
activity in whichapersonengages.We�nd afteronly a few
testingdaysthat our systempredictsactivities with 100%
accuracy onanindependenttestingday.

While theseresultsare encouraging,more needsto be
doneto turn this walker into a pro�table guidancesystem.
Most importantly, we plan to utilize the learnedmodelsin
ourguidancesystem,in thehopeof providing theright guid-
anceat the right time even if a personfails to specify the
target location. This shouldnow easilybe possible,given
ourability to determinethetargetlocation(a functionof the



Fig. 4. Thesethreemapstogetherdescribetheenvironmentin which the
walker is beingoperated.Eachcorrespondsto a different¯oor, con-
nectedby threedifferentsetsof elevators. The total distancespanned
by thesemapsis severalhundredmeters.

(a)at lunch (b) returningfrom lunch

Fig. 5. Two samplesof the topological location transitionprobability
p(� j � ; 
 ), for the activity ªat lunchº and ªreturningfrom lunch.º
The formeractivity takesplaceat a singlelocation,whereasthe latter
involvesa longwalk backthroughanumberof topologicalregions.

Fig. 6. The activity transitionprobability tablep(
 0 j 
 ) learnedfrom
data.Someof theactivities tendto occurin sequence.

Fig. 7. The Gaussiansmodelingthe time-of-dayprobability p(f (t [s]) j

 ), for theninedifferentactivities in our model.Someof theseactivi-
tiesareremarkablytime-speci®c,whereasothersarenot.



activity). Onthemathematicalside,weplanto employ tech-
niquesthat canautomaticallysegmenttime series,so asto
improve ourability to detectactivity change.

Despitetheselimitations, this paperpresentsthe some-
what surprisingresult that walking activities can success-
fully bemodeledusingrelatively little trainingdata,andan
appropriatelyequippedroboticwalker.
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