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Abstract— We presenta robotic walking aid capable of learning
modelsof users'walking-r elatedactivities. Our walker isinstrumented
to provide guidanceto elderly people when navigating their environ-
ments; however, suchguidanceis dif cult to provide without knowing
what activity a personis engagedn (e.g, where a personwantsto 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 from actual usagedata using statistical
techniques.We demonstratethat our approachsucceedsn determin-
ing the speci ¢ activity in which a userengagesvhenusingthe walker.
One of our proto-type walkers wastestedin an assistedliving facility
near Pittsburgh, PA; a morerecentmodelwasextensiely evaluatedin
a university ervironment.

I. INTRODUCTION

We presenta robotic walker for elderly peopledesigned

to provide guidanceto peoplewho arecognitively or men-
tally frail and otherwisein dangerof gettinglost. To as-
sistsuchpeoplein their daily walking-relatedactiities, it is
bene cialfor thewalkerto acquireamodelof peoplesdaily
routines.Ourwalker doesjustthis: by passiely monitoring
peoples walking activities, it developsa hierarchicaimodel
of peoples daily walking routines.

Ourwalkersextendcommercialvalkingaids,asshovnin
Figurel. Both proto-typesareequippedwith alaserbased
navigationsystenfor localizationrelative to alearnedervi-
ronmentmap,adisplayfor providing directionsto its users,
atouch-basedhterfacefor receving commandsandanac-
tive drive mechanisnmequippedwith a clutchfor switching
betweenactive and passve mode. The guidanceprovided
by the walker is similar to carbasedGPSsystemsijn that
it informsindividual userswhereto go whenattemptingto
navigateto atamgetdestinatior{10].

A key ability of ourwalkeris thatit learnsmodelsof peo-
ple's motion behaiors. Thesemodelsare acquiredwhen
thedeviceis usedwith andwithout providing guidance The
modelis de ned atmultiplelevelsof abstractionit includes
a representatiorof principled actvities, topologicalloca-
tions throughwhich a personmay navigate, and low-level
metriclocations.A hierarchicahybrid semiMarkov model
ties togetherthesemultiple modelsinto a single coherent
mathematicaframevnork. The parametersf the modelare
learnedn aseparatéeach-inphasejn whichapersoriabels
speci ¢ actiities (e.g.,a caraiver). Whenusedfor every-
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Fig.1. Tworoboticwalkersdevelopedontop of acommercialvalkingaid.
Both walkersprovide navigationalguidanceandcan, thougha clutch,
becontrolledsoasto parkthemseles.

day navigational assistancepur learnedmodel is capable
of identifyingindividualwalking-relatedactiities with high

reliability. We conjecturghatthe ability to learnsuchmod-

els andrecognizeindividual activities just from the way it

is usedis an essentialpreconditionto build truly effective

roboticwalking aidsfor theelderly,

Experimentatesultsllustratethatahighly accuratenodel
is learnedafteronly afew daysof usingthewalker. In par
ticular, we have found 100% accurag in classi cation of
actiities whentestedon independentlycollecteddata—for
thedurationof anentiretestingday.

Il1. PRIOR WORK

Theideaof building roboticwalkingaidsis notnew. Most
existing robotic devicesare active aids—meaninghatthey
sharecontrol over motion with the user—andareaimedat
obstacleavoidanceandpathnavigation. Thereexist a num-
ber of wheelchairsystemq14], [17], [19], [23] aswell as
several walker- and cane-basedevices[5], [13], [9], [21]
targetedat blind and elderly people. A technologywith
some similarities to ours is the walker-basedGuido sys-
tem. Guido evolved from Lacey and MacNamaras PAM-



AID, andwas designedto facilitate independenexercise
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 healthmonitoringand navi-
gation for usersin an eldercarefacility, and mostrecently
hasadopteda custom-maddolonomicwalker frameasits
physical form [6], [25]. Wassonand Gundersors walk-
ersrely on the users motive force to propeltheir devices
andsteerthefront wheelto avoid immediateobstacle$30],
[29]. A similar device by Morris et al [21] also provides
guidanceandforcefeedbackhrougha hapticinterface.All
four of thesewalkersaredesignedo exert somecorrectie
motordriven force, althoughpassive modesare available.
Our overallapproactis similar to [6], [10], [25] in physical
shapeandappearancen thatit is basedon a light-weight
off-the-shelfwalker frame. The ability to provide guidance
is similar in functionality to the one[10], [21]. However,
none of thesesystemslearnsand analyzesthe motion of
its users. This paper lIs this importantgap: our walker
is uniquein its ability to learnausermodel.

Outsidetherealmof roboticwalkers,theideaof learning
modelsof peoples motionis not new. Most notably Ben-
newitz etal [2], [3] have developedtechniquedor learning
modelsof peoples motion, asobsened from a nearbymo-
bile robot. Othershave learnedbehaioral modelsof people
from cameramages[1], [7], [11]. The actvity of discrete
actiitiesis alsorelatedto therich literatureof planrecogni-
tion[12]. Thework hereis relatedjn thatit acquiresstatisti-
calmodelsof behaior. However, it appliestheseechniques
to a new andimportantdomain.Further our approactinte-
gratedearningof behaiors atmultiple levelsof abstraction,
andit ties thesetogetherwhenanalyzinghigh-level actii-
ties.

The speci ¢ mathematicamodelsproposechereare hi-
erarchicalandmixeddiscrete-continuoud/ithin therealm
of discretestatisticalmodels,a more generalclassof hier-
archicalmodelswere proposedin [22], [8], and learning
algorithmswere presentedn [27]. The work hereplaces
aninstanceof this moregeneraimathematicamodelin the
contet of a speci c application; further, it extendsit by
a continuouscomponentas previously proposedfor non-
hierarchicaimodelsin [16].

[1l. LEARNING MODELS OF USERS
A. Hierarchical StateSpace

Our approachmodelsactiities atthreelevels:

1. Themetric location of a personoperatingthe walker is
comprisedf herx-y-locationalongwith herheadingdirec-
tion . Thelocationvectorattimet is denoted ;. Deter
mining . for aninstrumentedvalkeris essentiallya metric

Fig. 2. Topologicaldecompositiorof a large foyer ervironmentin the
Longwoodassistediving facility nearPittsturgh, PA..

localization problem, for which a numberof effective al-
gorithmsexist [4], [15]. In our system,the location ; is
obtainedby runningthe Carmensoftwarepackagd20].

2. Thetopologicallocation of apersoris determinedased
on a manuallypartitionedervironmentmapinto topologi-
cal regions. Regions correspondo rooms, corridors, foy-
ers, and so on. Eachof theseregionsis given a unique
identi er. Thetopologicallocationattimet is denoted ;.
Thetopologicallocationis afunctionof the metriclocation:
t = o( ¢). Sincewe obtainaccuratemetric coordinates
from our metriclocalizer we trivially obtaintopologicallo-
cationsaswell. Figure2 depictsa topologicaldecompo-
sition of the ervironment. While this decompositionvas
speci ed manually algorithmsexist for nding similar de-
compositionsautomatically[28].

3. Thelogical activity in which a personis engagedforms
themostabstractevel of our hierarcly. We distinguishtwo
typesof actiities: Activities carriedoutin asinglelocation
(e.g.,apersoreatinglunch),andactiities thatinvolvesmo-
tion betweemmultiple locations(e.g.,walking from thedin-
ing hall backto one'sroom). Eachactivity is givenaunique
identi er. Thelogicalactvity attimet will bedenoted ;. In

thetrainingphasewe assumeheactvity is provided(e.g.,a
cargyiver manuallylabelsthe datasequence)During every-
day operation,the actwity is not directly obserable;thus,
we needa statisticalframework for estimatingactivity from

sequencesf locations.

Clearly, the stateat eachlevel changesver time. How-
ever, it doessoatvastlydifferenttime scalesChangesitthe
metric location level occur continuously and are reported
backat a samplerate of ten Hertz. At the the topological
level, change®ccurmuchlessfrequently:It maytake more
thanaminutefor frail elderlypeopleto move from onetopo-
logical region to another At the activity level, thechangds



evenslower: An activity caneasilypersistfor half anhour

To accommodatehesevastly differenttime scales,our
approachutilizesdifferenttime indicesfor thedifferentlev-
els. At the lowestlevel, we usetheregular x edtime inter-
val provided by the Carmensoftware;time will be denoted
by t. At thetopologicallevel, we will usethetime index k.
Thevariablek is incrementedvheneer the topologicallo-
cationchangesFinally, atthe actvity level we will usethe
timeindex s. Thevalueof sisincrementedvhen&ertheac-
tivity changesBoth moreabstractime indicesarevariable
anddependon a persons actions. Markov chainsin which
statedransitionat variableratesareknown assemi-Marlov
chaing[18], [26].

ThesetB = f ;t[k]g denoteghesequencef topologi-
calevents;heret[k] is thetime at which a persons topolog-
ical locationchangesC = f g;t[s]g shallbethe sequence
of activities. Again, t[s] modelsthe time at which sucha
changeoccurs.We notethatit is straightforvard to extract
the duration of an event. For example,the durationof an
eventin B isgivenby ¢ = t[k + 1] t[K].

B. TheHierarchical Probabilistic SemiMarkov Model

Our generatie probabilisticmodel—whichformstheba-
sisfor theinferenceof activitiesfrom data—isde nedthrough
four conditional probability distributions that characterize
theevolution of stateovertime. The rst two of thesedistri-
bution operateat thetopologicaltime resolutionk, whereas
theothertwo arede ned for the actiity level time s.

p( °j ; )isthethetransitionprobabilitybetweertopo-
logical locations,conditionedon the activity . This prob-
abilistic function de nes statetransitionsat the topological
level.

p( j ; ) isthedistributionoverdurationsspentn topo-
logicalregions , conditionedontheactiity . Here isa
continuousvariable. Notice that this distribution is de ned
over a continuousdomain.

p( °j ) measurethetransitionprobabilityfor actities,
modeledat theactiity level.

p(f (t[s]) j ) is atime-of-daydistribution for actvities:
It measureshe time of day at which anactvity maybe
initiated. Heref (t[s]) is afunctionthatextractsthetime-of-
dayfrom atime stampt by remaving the dateinformation.
For example,f (“11:45:220n7/12/2003) =“11:45:22".

Underthismodel,theprobabilityof thedatasequenceB ; C
is thengiven by thefollowing product:

p(B;C) = Pk k 10 k 1)PCk] k5 «)

k
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Clearly, the probabilisticmodelhasbeendesignedarefully
soasto modelthe essential®f actiities of elderly people
usingour walker. For example,our modelignoresthe spe-
ci ¢ metrictrajectoryde ned by thevariables ; thoseare
only usedto calculatethetopologicalregion . Thereason
for being oblivious to the speci c trajectoryis its depen-
denceon a greatnumberof factors,suchas other people
that might block the way. Our speci ¢ choiceof temporal
models—thdime a personstaysat a singletopologicallo-

cationandthetime-of-dayanactvity is initiated,arehighly

informative: The former allows us to identify actwities in

which a personstaysin the samesingle topologicalloca-
tion for extendedperiodsof time (e.g,watchingtelevision).

The latter helpsusidentify activities thatoccurat regularly
scheduledimes,suchaseatinglunch.

C. LearningTheModel

The rst two probabilitiesarede ned overdiscretespaces.
Hence,we usea Laplacianestimatorfor estimatingthese
transitionprobabilities:

p( 0l'>&)
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Herel is the indicatorfunctionwhich is 1 if its agument
is true, and O otherwise. The parameterc is the parame-
ter of a Dirichlet prior: It canbe thoughtof asa “pseudo”-
obsenation that preventstransitionprobabilitiesof zero(a
commontechniquen the literatureon speechrecognition).
For ¢ = 0, this expressiorbecomeghe standardnaximum
likelihoodestimator

Similarly, for theactvities we have
X
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Theremainingprobabilitydistributionsarede ned overcon-
tinuousvalues,but conditionedon discretevariables. Our
approachiepresenttheseadistributionsby conditionalGaus-
siandistributions:

N (
N (

p( § ) %) (4)
p(f(t)j ) ;2 %)

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



dardestimationequations:
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Theseestimatorsgeneratethe maximumlikelihood Gaus-
sians.

D. Inferring Activities

During everydayuse,we cannotobsere the actiities .
We areonly giventhe setB of topologicaltransitions,and
thetimesatwhich changege.g.,detectedy a persoren-
gagingor disen@gingfrom thewalker). The problemof in-
ferringtheactvities from datais thenasemi-HMM, short
for semihiddenMarkov model. Inferencefor this model
canthenbe carriedout usingary of the standardtHMM in-
ferencealgorithms,suchasthe BaumWelchalgorithm[24]
andits hierarchicakxtensiong22].

With ourwalker, we areinterestedn inferringthepresent
activity of a personin real time. This is achieed by the
Bayes lter , analgorithmequivalentto the forward passin
BaumWelch. TheBayesIter calculatesfor ary timet, the
probability thatthe persons actvity is ; giventhe present
andpastdata. If we denotethe dataupto timet by B[O;t],
we seekto estimatep(  j B[0;t]). This expressiomicely
decomposeshanksto our choiceof thehierarchicamodel.
First, we notethatif we de ne s asthetime index of the
mostrecentactivity changewe obtain:

p( tjl§([0;t])
= pP( tj s B[Oty p( s jB[O;t])

X
= P(t] s;B[s;thp(s jB[O;s]) (10)

s

HerewesplitthedataB intotwo parts:B[0;s ]JandB][s ;t].
ThesetB|[0;s ] containsall itemscollectedbeforethetime

Initially, set ( ) = uniform for all activities .

When actvity chgnge detected at time t, use

(9 =mpti 9 p(%j ) () asthenew esti-
mate(afternormalization).

to 0 after,

;)

When the topologicallocation changesrom
beingin  for adurationof , multiply () byp( °j
p( j ; ) andnormalize.

TABLE |
ALGORITHM FOR CALCULATING POSTERIORS OVER ACTIVITIES .

at which s occurred(this time is denotedt[s ]). There-
mainingdata,gatheredn thetimeinterval fromt[s ]through
t, isdenoted [s ;t]. Thetransformatiorabore exploitsthe
fact that the hiddenvariable is the only hiddenstatein
the model—eery otherstatevariableis obserable. Thus,

rendersthe pastand future conditionally independent—
whichis thede ning propertyof Markov chains.

In otherwords,whenerer an actity changesit sufces
to memorizethe posteriordistribution p( s j B[O;s]) over
the activity atthattime. Datagatheredbeforethat activity
changecarriesno further informationrelative to the prob-
lem of estimatingthe currentactiity. Thisimportantchar
acteristicof our approachi{andMarkov chainsin generaljs
documentedby thefactthat(10)is indeedarecursion.

Unfortunately actiities changeslowly. However, asim-
ilar Markov propertycanbe exploited for the estimatede-
tweenactiity changes.

P 1] s Blsith /7 p(f(ts D)

Pk k 1 )p(«kj
k2B[s ;t]

ko) (A1)

This again lendsitself nicely to arecursve implementation:
While no actiity changeoccurs,the posteriorprobability
of eachactvity is simply updatedin proportionto the
transitionprobabilitiesp( « j « 1; ) andtheduration
probabilitiesp( k j «; )-

Theresultingalgorithmis depictedn Tablel. Noticethat
it is extremelysimple: Whenerer a statechangds obsered,
thecorrespondingrobabilityis multipliedinto the posterior
stateestimate.oncea posteriorestimateof the actiity has
beenobtained.,it is straightforvard to calculatethe likeli-
hoodof thedatasequencéom Equation(1).

V. RESULTS

We conducteda numberof experimentsto evaluatethe
ability of our approachto learngood predictive modelsof
its users.The modellearningresultswereachiezed on data
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Fig. 3. Predictedactvity usingour learnedmodelplottedaslog-likelihoods,andthe actualactivity of a personduringanentireday Eachtime stepon
thehorizontalaxis correspond$o a changeof thetopologicallocationor the actiity, andeachrow correspondso oneof ninedifferentactiities. The

predictionsareremarkablyaccurate!

collectedover a four-day periodwith anindividual user(a
student). Figure 4 shavs the testing environment, which

coversthreedifferent oor levelsin two differentbuildings
connectedy a walkway andtwo elevators. All resultsin-

volve genuinemotion. For learning,the guidancesystem
was switchedoff to avoid the obvious biasassertedy the
active guidancesystem. Within thosefour days, we col-

lectedmore than 60,000positiondata,from which we de-
rived a total of 213 topologicalstatetransitions. The map
wassubdvidedinto 86 locations.It spannedhreedifferent
buildings, andwithin thesebuildings a total of threediffer-

ent oors, whichwereaccessethroughthreedifferentsets
of elevators.Oneof the dayswaswithheldfrom the datato

sene asindependentestingdata;all otherdatawasusedfor

training.

We foundthatour modelpredictedpeoples actiity with
100%accuray, for a total of 61 actiities andtopological
locationchangesn thetestingdata. Thisresultis illustrated
in Figure 3. Shawn thereis a sequencef 61 probability
distributionsover 9 possibleactities. Eachdistribution is
plottedaslog-likelihood: the brighteran actiity, the more
likelyit is. Theredline in thisdiagramdepictsgroundtruth:
clearly, the predictionof actiities is remarkablyaccurate.
This illustratesthat the featureschosenin our model are
well-suitedfor modelinguseractities.

Componentsf thelearnednodelarevisualizedriguress
through7. Figure 5 showvs two examplesof topological
transitiontablesfor the conditionalprobability distribution
p( °j ; ). Thisdistribution measureshe probability that
apersorentersegion °from in actiity . Asshouldbe
apparenfrom this graph,thereis a hugediversity of tran-
sition functions. For the actvity “at lunch; the personre-
mainsat a singlelocation(the dining hall), whereador the
actiity “returning from lunch” shetraversesa numberof
regionsin mostly x edorder

Figure6 shavsthetransitiontablebetweeractvities, that
is, the learnedprobability distribution p( ©j ). Again,
mostactwities occurin somesort of sequencethoughnot
all. This remarkablydeterministichehaior is akey reason
for the high predictive accurag of our approach.Finally,

Figure7 shavs thedistribution for thetime of dayatwhich

anactvity is usuallycarriedout. Herewe nd speci c time

dependencéor a numberof actiities. This shouldcomeas
little surprise sincecertainactiities (suchaslunch-related
actuities) occurat aboutthe sametime every day.

Ourguidanceactvitieswereratherinformal,andaremostly

documentedn [10]. We essentiallytestedthe walker with
a numberof elderly people,who by andlarge shaved ex-
citementfor this new concept. An informal lab evaluation
shavedthatpointingto the next topologicalregion leadsto
moreintuitive guidancehanpointingin thedirectionof the
nal targetlocation. In a previous relatedsystem[21], we
foundthatthe guidancecaneffectively deliver peopleat lo-
cationsthatthey might otherwisebe unableto nd.

V. CONCLUSION

We have presented robotic walker designedo provide
guidanceto people,andthatis ableto learnmodelsof peo-
ple'swalkingactvities. Ourapproactio learningthismodel
is a hierarchicaMarkov modelthatoperatest threediffer-
ent levels: A metric motion level at which locationis de-
scribedby metric coordinatesa topological motion level
which usestopologicalregionsasits basicelementandan
actiity level, atwhich apersons walking actvities arelog-
ically subdvidedinto broadercatgories.

Our modelis trainedfrom labeleddata.In particular our
approacHhearnedtransitionprobabilitiesfor the two upper
levels, and duration and time-of-day distributions. Once
learned,it usesBayesianltering to determinethe specic
activity in whichapersorengagesWe nd afteronly afew
testingdaysthat our systempredictsactiities with 100%
accurag onanindependentestingday.

While theseresultsare encouragingmore needsto be
doneto turn this walker into a pro table guidancesystem.
Most importantly we planto utilize the learnedmodelsin
ourguidancesystemjn thehopeof providing theright guid-
anceat theright time evenif a personfails to specifythe
target location. This shouldnow easily be possible,given
our ability to determinghetargetlocation(afunctionof the



Fig. 4. Thesethreemapstogetherdescribethe ervironmentin which the
walker is beingoperated.Eachcorrespondso a different oor, con-
nectedby threedifferentsetsof elevators. The total distancespanned
by thesemapsis severalhundredmeters.

(a)atlunch (b) returningfrom lunch

Fig. 5. Two samplesof the topologicallocation transition probability
p( j ; ), for the actvity 2atlunch®and @returningfrom lunch®
Theformeractvity takesplaceat a singlelocation,whereaghe latter
involvesalong walk backthrougha numberof topologicalregions.

Fig. 6. The actiity transitionprobability table p( © j
data.Someof theactwitiestendto occurin sequence.

) learnedfrom

Fig. 7. The Gaussiansnodelingthe time-of-dayprobability p(f (t[s]) j
), for the nine differentactities in our model. Someof theseactivi-
tiesareremarkablytime-speci®cwhereaothersarenot.



activity). Onthemathematicaside,we planto emplgy tech-
niguesthat canautomaticallyseggmenttime series,so asto
improve our ability to detectactivity change.

Despitetheselimitations, this paperpresentghe some-
what surprisingresult that walking activities can success
fully bemodeledusingrelatively little training data,andan
appropriatelyequippedoboticwalker.
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