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Abstract. We presentamethodof learninga Bayesiarmodelof a travelermov-

ing throughan urbanervironment. This techniqueis novel in thatit simultane-
ously learnsa uni ed modelof the traveler's currentmodeof transportatioras
well ashis mostlikely route,in an unsupervisednanner The modelis imple-

mentedusing particle Iters andlearnedusing Expectation-MaximizationThe
training datais dravn from a GPSsensorstreamthat was collectedby the au-
thorsover aperiodof threemonths We demonstratéhatby addingmoreexternal
knowledgeaboutbusroutesandbus stops,accurag is improved.

1 Intr oduction

A centralthemein ubiquitouscomputingis building rich predictive modelsof human
behavior from low-level sensordata.One strandof suchwork concerngrackingand
predictinga persons movementsn outdoorsettingsusing GPS[1-4]. But locationis
only onesmallpartof a persons state Ideally we would wantto recognizeandpredict
the high-level intentionsand complex behaviors that causeparticularphysicalmove-
mentsthroughspace Suchhigherordermodelswould bothenablethe creationof new
computingserviceghatautonomouslyespondo a persons unspolenneedsandsup-
portmuchmoreaccuratepredictionsaboutfuture behavior at all levelsof abstraction.

This paperpresentsan approacho learninghow a personusesdifferentkinds of
transportatiorin the community We useGPSdatato infer and predicta users trans-
portationmode suchaswalking, driving, or takingabus. Thelearnednodelcanpredict
modetransitions suchasboardinga bus at onelocationanddisembarkingat another
We show thatthe useof sucha higherlevel transportatiormodelcanalsoincreaseghe
accuray of locationprediction,which is importantin orderto handleGPSsignalloss
or preparingfor futuredelivery of services.

A key to inferring high-level behavior is fusing a users historic sensordatawith
generalcommonsensknowledgeof real-world constraintsReal-world constraintsn-
clude,for example,thatbusesonly take passengersn or off at bus stops thatcarsare
left in parkinglots, andthatcarsandbusescanonly travel on streetsetc. We presenta
uni ed probabilisticframework thataccountdor bothsensoterror(in thecaseof GPS,
lossof signal, triangulationerror, or multi-path propagatiorerror) and commonsense
rules.

Although this work hasbroadapplicationsto ubiquitouscomputingsystemspur
motivatingapplicationis onewe call the Activity Compassa device which helpsguide



acognitivelyimpairedpersorsafelythroughthecommunity]5]. Thesystenmoteswhen
the userdepartsrom a familiar routine (for example,getson thewrong bus)andpro-
videsproactive alertsor calls for assistanceThe Activity Compasss part of a larger
projectonbuilding cognitive assistantthatuseprobabilisticmodelsof humanbehavior
[6].

Our approachis built on recentsuccessem particle lters, avariantof Bayes I-
tersfor estimatingthe stateof a dynamicsystem[7]. In particularwe shov how the
notion of graph-constrainegarticle ltering introducedn [8] canbe usedto integrate
information from streetmaps.Extensiongo this technigueincludericher usertrans-
portationstatemodelsandmultiple kindsof commonsenskackgrouncknowledge We
introduceathree-partmodelin whichalow-level lter continuouslycorrectssystematic
sensokerror, aparticle Iter usesa switchingstate-spacmodelfor differenttransporta-
tion modes(andfurtherfor differentvelocity bandswithin atransportatioomode),and
a streetmap guidesthe particlesthroughthe high-level transitionmodel of the graph
structure We additionallyshov how to apply Expectation-MaximizatioEM) to learn
typical motionpatternsof humangn acompletelyunsupervisethannerThetransition
probabilitieslearnedrom realdatasigni cantly increaseéhemodel's predictive quality
androbustnesgo lossof GPSsignal.

This papeiis organizedasfollows. In thenext sectionwe summarizehederivation
of graph-basetrackingstartingfrom the generaBayes Iter , andshov how it canbe
extendedto handletransportatiormodetracking. Then,in Sect.3, we shov how to
learnthe parameter®of the tracking model using EM. Before concludingin Sect.5,
we preseniexperimentalresultsthat shov we canlearneffective predictive modelsof
transportatiorusebehavior.

2 Tracking on a Graph

Our approachtracksa persons locationandmodeof transportatiorusing streetmaps
suchastheonesbeingusedior routeplanningandGPS-basedartracking.More specif-

ically, our modelof theworld is agraph whichhasaset of verticesand

aset of directededgesEdgescorrespondo straightsectionof roadsandfoot paths,
andverticesareplacedin the graphto represengitheranintersectionpr to accurately
modela curvedroadasa setof shortstraightedgesTo estimatethelocationandtrans-
portationmodeof a personwe apply Bayes lters, aprobabilisticapproactor estimat-
ing the stateof a dynamicsystenfrom noisy sensordata.We will now brie y describe
Bayes lters in the generalcase,shav how to projectthe differentquantitiesof the

Bayes Iter ontothe structurerepresenteih a graph,andthendiscussour extensions
to the statespacemodel.

2.1 BayesianFiltering on a Graph

Bayes lters addressheproblemof estimatinghestate of adynamicalsystenmfrom
sensormmeasurementdJncertaintyis handledby representingll quantitiesinvolved
in the estimationprocessusing randomvariables.The key ideaof Bayes lters is to
recursvely estimatethe posteriorprobability densityover the statespaceconditioned



onthedatacollectedsofar. Thedataconsistof asequencef obsenations  andthe
posterioroverthestate attime is computedrom the previousstate usingthe
following updaterule (see[7, 9] for details):

1)

Theterm is a probabilisticmodelof the objectdynamicsand
describeshelikelihoodof makingobsenation giventhelocation

In the contet of locationestimation the state, , typically describeghe position
andvelocity of theobjectin 2D-spaceWhenapplyingBayesianltering to agraph,the
stateof anobjectbecomes triple , Where denoteson which edge
theobjectresides, indicatesthedistanceof the objectfrom the startvertex of edge ,
and indicateshevelocityalongtheedg€g8]. Themotionmodel considers
thatthe objectsare constrainedo motionon the graphandmay eithertravel alongan
edge,or, at the endpointof the edge,switch to a neighboringedge.To computethe
probability of motionfrom oneedgeto anotheythe graphis annotatedvith transition
probabilities , which describethe probability that the objecttransitsto edge

giventhatthepreviousedgewas andanedgetransitiontook place.Withoutother

knowledge this probabilityis a uniform distribution over all neighboringedgesof

Ourwork builds on graph-base®ayesiartrackingby hierarchicallyextendingthe
statemodel. We add a higher level of abstractionwhich containsthe transportation
informationanda lower level sensorerror variable.The resultingstate  consistsof
the variablesshavn in Fig. 1. The presencef a bus stopnearthe personis given by
thebinaryvariable , andthepresencef a parkinglot is modelecby . Themodeof
transportationdenoted , cantake ononeof threedifferentvalues

denoteghe motion velocity, andthe locationof the personattime is represented
by . denoteghe expectedsensorerror, which in our currentmodelcom-
pensate$or systematidcGPSoffsets.Finally, atthe lowestlevel of themodel,raw GPS
sensomeasurementarerepresentety gps.

Tracking sucha combinedstatespacecan be computationallydemanding Fortu-
nately Bayes lters canmale useof the independencesetweerthe differentpartsof
thetrackingproblem.Suchindependencearetypically displayedn a graphicalmodel
like Fig.1. A dynamicBayesnet[10,11], suchasthis one,consistsof a setof vari-
ablesfor eachtime point , whereanarcfrom onevariableto anotherindicatesa causal
in uence. Although all of the links areequialentin their causality Fig. 1 represents
causalitythroughtime with dashedarrows. In an abstractsensethe network can be
aslarge asthe maximumvalueof (perhapsn nite), but underthe assumptiorthat
the dependenciebetweenvariablesdo not changeover time, andthat the statespace
conformsto the rst-order Markov independencassumptionit is only necessaryo
represenaindreasonabouttwo time slicesat a time. In the gure the slicesarenum-
bered and . Thevariableslabeledgpsaredirectly obsenable,andrepresenthe
position and velocity readingsfrom the GPS sensor(wherea possiblevalue for the
readingincludes“loss of signal”). All of the othervariables— sensorerror, velocity,



At Parking Lot At Bus Stop
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Fig. 1. Two-slicedynamicBayesnetmodelof the transportatiordomain,shaving dependencies
betweertheobseredandhiddenvariables Obsenedvariablesareshadedlntra-temporatausal
links aresolid, intertemporalinks aredashed.

userlocation,mode,andthepresencef aparkinglot or busstoplocation— arehidden
variablesvhosevaluesmustbeinferredfrom theraw GPSreadings.

The dependenciebetweenthe nodesin Fig. 1 can be quite comple. The GPS
readingat eachtime pointis in uenced by the local sensorerror andthe users actual
velocity andlocation.Thelocationattime only depend®n the persons previouslo-
cationandthemotionvelocity. NotethatGPSis explicitly notconsideredo providethe
trueuserlocation;urbaninterferencemapreferencepoint errors,GPSerrorandsensor
failureall causethe true locationto be a hiddenvariable.The sensomnffset correction
node is usedto reasonabouterrorsin the GPSreadingswhich are systematicover
time andlocation.This nodemaintainsa probabilitydistribution over correctiongo the
GPSsignalthatarecausedy multi-pathpropagatiorerrorand/ordynamicsatellitege-
ometry Thenodeupdatests belief stateby comparingGPSreadinggo the streetmap
to graduallyadjustto local variationsin signaloffset.

A more comple relationshipgovernshow the modeof transportatiorin uences
theinstantaneousgelocity. Thein uence of modeon velocityis complicatedy thefact
thattherangeof possiblenstantaneouselocitiesfor eachmodeoverlap.For example,
movemeniat 7 km/hrmaybeabriskwalk or aslowly moving caror bus.To simplify the
relationshipbetweenmodeand velocity we modelthe continuousvelocitiesusingthe
Gaussiammixtureshavnin Fig. 2. A separateinsupervisedExpectation-Maximization
(EM) procesgsleterminedhe parametersf theseprobabilitydensitiesusingrealveloc-
ity data.Our modelassumeshatvelocitiesaredravn randomlyfrom theseGaussians,
wherethe probability of drawing from a particularGaussiardepend®n the mode.For
example,the walking modedraws a speedirom the left-mostclusterwith probability
one.In the bus mode,the personhasa chanceof beingin eachof the threeslow-
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Fig. 2. Gaussiarmixture modelfor the dependeng of transportatiormode on velocities. The
GaussiansverelearnedusingEM basedon previously collectedvelocity data.The frequencies
of theraw velocity valuesareindicatedby the bins. Differenttransportatiormodesare modeled
by samplingwith differentprobabilityfrom the four Gaussians.

estvelocity clusters.In our currentapproachthe probabilitiesfor the Gaussianin the
differenttransportatioomodesweresetmanuallybasedon externalknowledge.Learn-
ing the weightsof the mixture componentslependingn the transportatiormode(and
eventuallylocation)is left for futureresearch.

In ourmodel,themotionmodeattime only depend®nthe previousmodeandthe
presencef a parkinglot or bus stop.For example,the personcanonly geton a busif
thenode indicatesthepresencef abusstop.Thevaluesof thebusstopandparking
lot nodesdepencdbn thelocationof the personasindicatedby thearronsin themodel
shavn in Fig. 1. Learningmodeand location transitionprobabilitiesis an important
aspecbf our approachkandwill bediscussedn Sect.3.

2.2 Particle Filter Basedimplementation

Particle lters provide a sample-basedmplementationof generalBayes lters [7].
They represenposteriordistributions over the statespacewith temporalsets, , of
weightedsamples:

Hereeach is a sample(or state),andthe arenon-neyative numericalfactors
calledimportanceweights which sumup to one.Like Kalman lters, particle lters

apply the recursve Bayes Iter updateto estimateposteriorsover the statespace but
unlike Kalman Iters, particle Iters arenot restrictedto unimodalposteriordistribu-



tions . The basicparticle Iter updateshe posterioraccordingto the following sam-
pling procedurepftenreferredto assequentialmportancesamplingwith re-sampling
(SISR,seealso[7]):

— Sampling:Draw samples  fromtheprevioussetandgenerate new samples
usingthedistribution

Thenew samplesiow representhedensitygivenby the product

This densityis the so-calledproposaldistribution usedin the next step.

— Importance sampling: Assigneachsample animportanceweightaccording
to thelikelihoodof the obsenation, , giventhesample,

— Re-sampling: Multiply / discardsamplesby draving sampleswith replacement
accordingo thedistribution de ned throughtheimportanceweights

It canbe shown thatthis proceduren fact approximateshe Bayes Iter update(1),
usinga sample-basetepresentatiofiz, 13].

The applicationof particle Iters to the problemof locationand modeestimation
usingthe network showvn in Fig. 1 is ratherstraightforward. Eachparticle repre-
sentsan instantiationof the randomvariablesdescribingthe transportatiormode
thelocation , andthe velocity . The parkinglot andbus stopvariables and
are extractedfrom eachsamplelocation . Finally, is determinedglobally for all
particlesby estimatingthe offset betweenGPSreadingsandthe streetmap. The up-
datestepsof the particle Iter canbeimplementedasfollows. The temporalsampling
stepcorrespondso advancingeachparticle accordingto the motion model: First the
transportatiormodeis chosenaccordingto the previous transportatiormodeandthe
presencef bus stopsor parkinglots. This givesus . Thenwe randomlypick a ve-
locity from thevelocitymodelfor thespeci c mode . Thevelocityis usedio advance
thepositionof thepersoronthegraph.If thesampledselocityimpliesatransitionto an-
otheredgethenextedge is drawnwith probability (se€[8] for more
informationon edgetransitions) After thesesamplingstepstheresultingstatesepre-
sentthepredictedocation,velocity, andtransportatioomode.Theimportancesampling
stepis implementedoy weightingeachsampleaccordingto the likelihood of observ-
ing the currentsignalfrom the GPSsensomjiventhe new locationof the sample.The
re-samplingstepof the particle Iter algorithmdoesnot haveto bechanged.

1 We considermulti-hypothesistracking to be a viable alternatve to our particle lter based
implementationMulti-hypothesistracking overcomeghe restrictive assumptiorof the plain
Kalman lter by estimatinga stateusingmultiple Kalman Iters [12]. An implementatiorof
suchanapproactwill be partof ourfutureresearch.



3 Parameter Learning

Oneof the advantageof modelingthe world with a graphis the ability to recordbe-
havioral dataaboutedgetransitions.The discretenatureof suchtransitionsfacilitates
unsupervisedearningof hierarchicaimodelparametersie have anintuitive prior ex-
pectationof how statetransitionsoccur betweenand within edges:edgetransitions
occuruniformly amongthe edges neighborsand modetransitionsvary accordingto
thepresencef abusstopor parkinglot.

Learningin this context meansadjustingthemodelparameterto bettert thetrain-
ing data,typically to bettermodelanindividual useror the ervironment.Learningpa-
rameterdor speci ¢ individuals capturesdiosyncraticmotion patterns— the move-
mentgheusercommonlymakes,asopposedo thelogically possiblesetof movements.
Sinceour modelalsoincludestransportatioomode,learningalsomeanschangingour
prior expectationsaaboutwhich edgesmodetransitionsoccuron. Bus stopsand park-
ing locationsare conceptualocationswheremodetransitionsmay occut Our model
enabledearningof the commonlyusedsubsetof theselocations,to highlight where
a userfrequentlyparksher car, for example.The learnedmodelsupportsbettertrack-
ing andpredictionthanthe prior model,andis the foundationuponwhich high-level
understandingf the users behavior is built.

We now describehow to learnthe parametersf our graphmodelusingdatacol-
lectedby a personmoving throughthe community Our motivating applicationof the
Activity Compassorcesusto learnthetransportatiormodesin anunsupervisednan-
ner. Whendeployed,Activity Compassiseranustnotberequired for example to keep
a diary for severalweeksof their transportatiormodesin orderto createa supervised
trainingset.Hence themostobviousdif culty isthatwehaveto learnthemotionmodel
basedsolelyon amapanda streamof non-continuousndnoisy GPSsensodata.

A generabpproacHor solvingsuchlearningproblemss thewell-known Expectation-
Maximization (EM) algorithm[14,15]. In our application,EM is basedon the obser
vationthatlearningthe modelparametersvould be easyif we knew the persons true
locationandtransportatiomodeatary pointin time. Unfortunatelylocationandtrans-
portationmodeare hiddenvariables,.e. they cannotbe obsened directly but have to
be inferredfrom theraw GPSmeasurement&M solvesthis problemby iteratingbe-
tweenan Expectationstep (E-step)and a Maximization step (M-step).In a nutshell,
eachE-stepestimatesxpectationgdistributions) over the hiddenvariablesusingthe
GPSobsenationsalongwith the currentestimateof the modelparametersThenin the
M-stepthemodelparameterareupdatedisingthe expectation®f thehiddenvariables
obtainedn theE-step.Theupdatednodelis thenusedin thenext E-stepto obtainmore
accurateestimateof the hiddenvariables EM theorytells usthatin eachiterationthe
estimationof the parametersvill beimprovedandit will eventuallycorvergeto alocal
optimum. In the following we give a more detaileddescriptionof how to apply EM
theoryin ourdomain.

3.1 E-step:

Let denotetheparametersf thegraph-basedodelwe wantto estimateand
denotethe estimationthereofat the -th iterationof the EM algorithm.The model



parametersontainall conditionalprobabilitiesneededo describghe dynamicsystem
shovnin Fig. 1. The E-stepestimates

(2)

i.e. the posteriordistribution over the trajectoriesof the persongiventhe obsenations
andparametersipdatedn the previousiteration.Here and arethe statesand
obsenations,respectiely. Sinceit is not possibleto nd a closed-formsolution for
theposteriorover  , we haveto resortto anapproximatepproach16]. Obsenethat
whenwedoparticle Itering usingthemotionmodelwith parameter , theparticle
distribution at eachtime alongwith the history of particlesis an approximationfor

. Hence the desiredexpectationcanbe computedusingthegraph-
basedparticle Iter describedn Sect.2.2. Beforewe give implementatiordetailsfor
the E-step et ustake a closerlook atthe M-step.

3.2 M-step:

The goal of the M-stepis to maximizethe expectationof over
the distribution of obtainedin the E-stepby updatingthe parameteestimations.
Becauseghedistribution of is representedly the historyof particlestheestimation
of theparameteratthe -th EM iterationis computedy summingoverall trajectories:

(3)

(4)

Here, isthenumberof particles, is the statehistory of the -th particle,and
(3) follows from theindependenceondition

i.e., obsenationsareindependendf modeltransitionparameters the statetrajectory
is known. For simplicity, we assumehatall the particleshave equalweight,i.e. after
they areresampledit is straightforwardto extendour derivationto the caseof different
weights.

Our approachis in facta direct extensionof the Monte Carlo EM algorithm[17].
Theonly differencds thatwe allow particlesto evolve with time. It hasbeenshovn that
whenthenumberof particles is largeenoughMonte CarloEM estimationcorverges
to thetheoreticaEM estimation16].



3.3 Implementation Details

EventhoughEM canbeusedto learnall parameters of themodeldescribedn Sect.2,
we aremostly interestedn learningthosepartsof the modelthat describethe typical
motionpatternsof auser All otherparametersre x edbeforehanédndnotadjustedo
aspeci c user An advantageof this approachs thatit requiresmuchlesstrainingdata
thanlearningall parametersitonce.

The motion patternsof a speci ¢ useraredescribedby the locationtransitionson
the graphandthe modetransitionsat the differentlocations.For the learningprocess,
we haveto initialize theseprobabilitiesto somereasonablealues:

is the transitionprobability on the graphconditionedon the mode
of transportatiorjust prior to transitioningto the new edge.This conditionalprob-
ability is initialized to a uniform distribution acrossall outgoingedgeswith the
exceptionof busrouteswhich have a strongbiasforcing busesto follow the route
(bus routescanbe obtainedfrom GIS sourcessuchas[18]). With this exception,
our modelhasno preferencdor aspeci ¢ pathof theperson.

is themodetransitionprobability. This probability dependon the

previous mode andthe locationof the person,describedby the edge
For example,eachpersonhastypical locationswhereshegetson andoff the bus.
Mode transitionsareinitialized with commonsensknowledge(e.g., one may not
switchfrom abusto a carwithout rst beingon foot), andwith knowledgeof bus
stops.Parkinglots areuniformly distributedacrossour mapwith no biasesoward
actualparkinglots.

A straightforvardimplementatiorof the E-stepgivenin (2) is to generatehe expecta-
tion over statetrajectorieshy storingthe history of eachparticle (see[7] for a discus-
sion).To doso,ateachre-samplingphasethe historyof old samplesieedgo be copied
to thenew sampleg. Thenatthelasttime step,we have a setof sampleswith their his-
tories. At the M-step, we updatethe model parametersimply by countingover the
particlehistories.For example,to get , we countthe numberof times
whenaparticlein modetransitsfromedge to andthennormalizethecounts
overall edgedollowing and . Thisapproachalthougheasyto implement,suf-

fersfromtwo dravbacksFirst,it is notef cient. Whenthedatalogis fairly long,saving

the historiesfor all the particlesneedsa large amountof spaceandhistory replication
becomeslow. Secondandmoreimportantly sincethenumberof sampless nite, the
repetitionof the re-samplingwill graduallydiminishthe numberof differenthistories
andeventuallydecreas¢he accurayg of the particlebasedapproximatior7].

We canovercometheseproblemsby observingthatwe areonly interestedn learn-
ing thediscretetransitionsbetweeredgesandmodese.g., the probability of transiting
from edge toedge in mode.The discretenessf thesetransitionsallows
usto apply the well-known Baum-Welch algorithm[15], an EM algorithmfor hidden
Markov models(HMM). The Monte Carloversionof the Baum-Welchalgorithm[19]
performsat eachiteration both a forward and a backward (in time) particle Itering

2 Unnecessargopy operationanbe avoidedby usingtreedatastructurego managepointers
describingthe history of particles.



step.At eachforwardandbackward ltering step,the algorithmcountsthe numberof
particlestransitingbetweenthe differentedgesand nodes.To obtain probabilitiesfor
the differenttransitions the countsof the forward and backward passare normalized
andthenmultiplied atthe correspondingime slices.

To shawv how it works,we de ne:

isthenumberof particlesonedge andinmode  attime intheforward
passof particle Itering.
is thenumberof particlesonedge andin mode  attime inthebad-
ward passof particle ltering.
is the probability of transitingfrom edge to attime
andin mode
is the probability transitingfrom mode to on edge
attime

A shortderivationgivesus[15,19],

5)
and
(6)
After we have and for all the from to , we updatethe parameters
as:®
expectednumberof transitionsfrom to in mode
expectednumberof transitionsfrom in mode
(7
andsimilarly
expectednumberof transitionsfrom to onedge
expectednumberof transitionsfrom onedge
8

The completeimplementationis depictedin Table 1. As the numberof particles
increasesthe approximationcorvergesto the theoreticalEM estimation Fortunately
our approacthis very ef cient in this regard,sinceour modelparameterareassociated
with the numberof edgesandmodesin the graph,notthe numberof particles.

In additionto the userspeci ¢ parameter®ur modelrequiresthe speci cation of
otherparameterssuchasmotion velocity andthe GPSsensomodel. The motion ve-
locity is modeledasa mixtureof Gaussianfrom whichvelocitiesaredravn atrandom.

8 Usually we alsoneeda prior numberfor eachtransition.We will not discusshow to setthe
prior valuein this paper



Table 1. EM-basedpbarametetearningalgorithm

Model Initialization: Initialize themodelparameters and
E-step:

1. Generate uniformly distributedsamplesandsettime
2. Performforwardparticle ltering:
(a) Sampling:generate new sampledrom the existing samplesusingthe currentparam-
eterestimation and .
(b) Importancesampling:reweighteachsamplebasecbn obsenation
(c) Re-samplingmultiply / discardsamplesaccordingo theirimportanceweights.
(d) Countandsare
(e) Set andrepeat(2a)-(2d)until
3. Generate uniformly distributedsamplesandset
4. Performbackward particle Itering:
(@) Compute backward parameters , from
and
(b) Sampling:generate new samplesrom the existing samplesusingthe backward pa-
rameterestimation.
(c) Importancesampling:reweighteachsamplebasedn obseration
(d) Re-samplingmultiply / discardsamplesaccordingto theirimportanceweights.
(e) Countandsave

() Set andrepeat(4b)-(4e)until

M-step

1. Compute and using(5) and(6) andthennor-
malize.

2. Update and using(7) and(8).

Loop RepeaE-stepandM-stepusingupdatedparametersintil modelcorverges.

The probabilitiesof the mixture componentslependon the currentmotion modeand
canbelearnedbeforehandisingdatalabeledwith the correctmodeof motion.We use
astandardnodelto computethelikelihood of aGPSsensomeasurement
giventhelocation of theperson1].

4 Experiments

Our testdatasetconsistf logs of GPSdatacollectedby oneof theauthors.Thedata
containsposition and velocity information collectedat 2-10 secondintervals during
periodsof time in which the authorwas moving aboutoutdoors.This datawas hand
labeledwith oneof threemodesof transportationfoot, bus, or car. This labelingwas
usefulfor validatingthe resultsof our unsupervisedearning,but wasnot usedby the
EM learningprocess.

Fromthis dataset,we chose29 episodegsepresenting total of 12 hoursof logs.
This subsetonsistof all of portionsof the datasetwhich wereboundedoy GPSsig-
nal loss,i.e. had no intermediateloss of signal of more than 30 secondsandwhich



Fig. 3. Car(left), Foot(middle),andBus(right) trainingdatausedfor experimentsTheblackdot
is acommonmapreferencepoint on the University of Washingtorcampus.

containeda changein the modeof transportatiorat somepoint in the episode These
episodeswere divided chronologicallyinto three groupswhich formed the setsfor
three-foldcross-alidationfor our learning.Fig. 3 shavs one of the cross-alidation
groupsusedfor training. The streetmapwas provided by the US CensusBureau[20]
andthelocationsof the bus stopscomefrom the King CountyGIS of ce [18].

4.1 Mode Estimation and Prediction

Oneof theprimarygoalsof our approachs learningamotionmodelthatpredictstrans-
portationroutes,conditionedon the modeof transportationWe conductedan experi-
mentto validateour models'ability to correctlylearnthe modeof transportatioratany
giveninstant.For comparisorwe alsotraineda decisiontree modelusing supervised
learningon the data[21]. We providedthe decisiontreewith two featuresthe current
velocity andthe standarddeviation of the velocity in the previous sixty secondsUsing
thedataannotatedvith thehand-labeleanodeof transportationthetaskof thedecision
treewasto outputthe transportatioomodebasedon the velocity information.We used
three-foldcross-alidationgroupsto evaluateall of the learningalgorithm.Theresults
aresummarizedn the rst row of Table2. The rst resultindicateghat55%of thetime
the decisiontree approachwas ableto accuratelyestimatethe currentmodeof trans-
portationonthetestdata.Next, we usedour Bayes Iter approactwithoutlearningthe
model parametersi.e. with uniform transition probabilities.Furthermorethis model
did not considerthe locationsof bus stopsor bus routes(we never provided parking
locationsto the algorithm).In contrastto the decisiontree,the Bayes lter algorithm
integratesinformationover time, therebyincreasinghe accurag to 60%. The bene t
of additionallyconsideringous stopsandbus routesbhecomebviousin the next row,
whichshovsamodeaccurag of 78%.Finally, usingeM to learnthemodelparameters



increaseshe accuray to 84% of thetime, on testdatanot usedfor training. Note that
this valueis very high giventhefactthatoftena changeof transportatioomodecannot
be detectednstantaneously

Table 2. Mode estimationquality of differentalgorithms.

Model Cross-\alidation
PredictionAccuray
DecisionTreewith SpeedandVariance 55%
Prior GraphModel, w/o busstopsandbusroutes 60%
Prior GraphModel, w/ bus stopsandbusroutes 78%
LearnedGraphModel 84%

A similar comparisorcanbe donelooking at the techniquesability to predictnot
justinstantaneoumodesof transportationbut alsotransitionsbetweertransportation
modesTable3 shawvs eachtechniquesaccurag in predictingthe qualitatve changan
transportatiomodewithin 60 second®f theactualtransition— for example correctly
predictingthatthe persongot off abus. Precisionis the percentagef time whentheal-
gorithmpredictsa transitionthatanactualtransitionoccurred Recallis the percentage
of realtransitionsthat were correctly predicted.Again, the table clearly indicatesthe
superiomperformancef ourlearnedmodel.Learningthe users motionpatternssigni -
cantlyincreaseshe precisionof modetransitionsj.e. themodelis muchmoreaccurate
at predictingtransitiongthatwill actuallyoccur

Table 3. Predictionaccuray of modetransitionchanges.

| Model |PrecisiofiRecall
DecisionTreewith SpeedandVariance 2% | 83%
Prior GraphModel,w/o busstopsandbusroutes 6% | 63%
Prior GraphModel, w/ busstopsandbusroutes| 10% | 80%
LearnedGraphModel 40% | 80%

An exampleof themodesof transportatiopredictedaftertrainingononecross-alidation
setis showvn in Fig. 4.

4.2 Location Prediction

The location predictioncapabilitiesof our approachareillustratedin Fig. 5 and6. In
Fig. 5, the learnedmodelwas usedto predictthe location of the personinto the fu-
ture. This wasdoneby providing the groundtruth locationandtransportatiormodeto
the algorithmandthen predictingthe mostlikely pathbasedon the transitionproba-
bilities learnedfrom the training data.The gure shows the percentagef trajectories
thatwerepredictedcorrectly givendifferentpredictionhorizons Predictionlengthwas
measuredn city blocks.For example,in 50% of the casesthe locationof the person



Fig.4. This map shavs the learnedtransportationbehaior basedon one cross-
validation set containing nineteenepisodes Shavn are only thoseedgesand mode
transitionswhich the learnedmodel predictswith high probabilities.Thick gray lines
indicatelearnedbusroutes thin blacklinesindicatelearnedwalking routes,andcross-
hatchesndicatelearneddriving routes.Circlesindicateparkingspots,andthetriangles
shav the subsetof bus stopsfor which the model learneda high probability transi-
tion on or off the bus. Therearefour call-outsto shav detail. (A) shows a frequently
traveledroadendingin threedistinct parkingspacesThis routeandthe parkingspots
indicatethecorrectlylearneccartrips betweertheauthorshomeandchurch.(B) shavs
a frequentlytraveledfoot route which entersfrom the northeastendingat one of the
frequentlyusedbus stopsof the author The mainroadrunningeast-wests an arterial
road providing accesgo the highway for the author (C) shows an intersectionat the
northwestof the University of Washingtoncampus.Therearetwo learnedbus stops.
The authorfrequentlytakes the bus north and southfrom this location. This is also
a frequentcar drop off point for the author hencethe parking spotindication. Walk-
ing routesextendwestto a shoppingareaandeastto the campus(D) shavs a major
university parkinglot. Foottraf c walkswesttowardcampus.
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was predictedcorrectlyfor 17 blockswhenthe personwason the bus. In 30% of the
casesthe predictionwascorrectfor 37 blocks,and75 blockswerepredictedcorrectly
in 10% of the casesNotethatthelineardropin busroutepredictionprobabilityis due
tothefactthatthedatacontainedseveralcorrectlypredictedepisode®f a92blocklong
bustrip. Obviously, long termdistancepredictionis muchlessaccuratevhena person
walks. This is dueto the highervariability of walking patternsandthe factthat peo-
ple typically do not walk for mary city blocks,therebymakingalong term prediction
impossible.

In Fig. 6, the learnedmodelwas usedto predictboth the locationandthe trans-
portationmodeof the personinto the future. This wasdoneby providing the ground



truth locationto the algorithmandthen predictingthe mostlikely pathand sequence
of transportatiormodeswitchesbasedon the transitionprobabilitieslearnedfrom the
training data.The graphshaws thatin 50% of the casesthe modelis ableto correctly
predictthe motion andtransportatioomodeof the personfor ve city blocks.This re-
sult is extremely promisinggiven thatthe modelwastrainedandtestedon subsetsf
29 episodes.

5 Conclusionsand Future Work

Thework presentedh this paperhelpslay thefoundationfor reasoningbouthigh-level
descriptionsf humanbehaior usingsensoidata.We shavedhow complex behaiors
suchas boardinga bus at a particularbus stop, traveling, and disembarkingcan be
recognizedusing GPSdataand generalcommonsens&nowledge,without requiring
additionalsensorgo be installedthroughoutthe ernvironment.We demonstratedhat
goodpredictive userspeci ¢ modelscanbelearnedn anunsupervisedashion.

The key ideaof our approachis to apply a graph-base@ayes lter to tracka per
son's locationandtransportatioomodeon a streetmapannotatedvith busrouteinfor-
mation.Thelocationandtransportatioomodeof the persoris estimatedisingaparticle

Iter . We shoved how the EM algorithmalongwith frequeny countsfrom the parti-
cle lter canbe usedto learna motion modelof the user A main advantageof this
unsupervisedearningalgorithmis the fact thatit canbe appliedto raw GPSsensor
data.

The combinationof generaknowledgeandunsupervisedearningenablesa broad
rangeof “self-customizing”applicationssuchasthe Activity Compassnentionedn
Sect.1. Furthermoreit is straightforvardto adoptthisapproacHor “life long” learning:
theusernever needdo explicitly instructthe device, yetthelongerthe usercarriesthe
devicethemoreaccuratdts usermodelbecomes.

Ourcurrentandfutureresearchextendsthework describedn this paperin anumber
of directions,includingthefollowing:

1. Making positiveuseof negativeinformation. Loss of GPSsignalduring tracking
causeshe probability massto spreadout asgovernedby the transitionmodel.We
have seernthatlearningsigni cantly reducesherateof spreadin somecaseshow-
ever, lossof signalcanactuallybeusedto tightenthe estimationof theusersloca-
tion. In particular mostbuildingsandcertainoutdoorregionsareGPSdead-zones.
If signalis lostwhenenteringsuchanarea,andthenremainslost for a signi cant
periodof time while the GPSdevice is active, thenone canstrengtherthe proba-
bility thattheuserhasnotleft thedead-zonarea.

2. Learningdaily and weeklypatterns.Our currentmodelmakesno useof absolute
temporalinformation, suchasthe time of day or the day of the week. Including
suchvariablesin our modelwill improve trackingand predictionof mary kinds
of commonlife patternssuchasthefactthatthe usertravelstowardshis placeof
work onweekdaymornings.

3. Modelingtrip destinationand purpose Thework describedn this papersegments
movemenin termsof transitionsatintersectionandbetweermodesof transporta-
tion. At a higherlevel of abstractionhowever, movementcan be segmentedin



termsof trips thatprogresgrom a locationwheresomesetof actities take place
(suchashome)to alocationwherea differentclassof actiities take place(such
asthe of ce). A singletrip betweeractivity centerscaninvolve several shifts be-
tweenmodesof transportationBy learningtrip modelswe expectto be ableto
increaseheaccuray of predictionsMore signi cantly, trip modelsprovide away
to integrateother sourcesof high-level knowledge,suchasa users appointment
calendar

Usingrelationalmodelsto male predictionsaboutnovel events A signi cant lim-
itation of our currentapproachis that useful predictionscannotbe madewhen
the useris in a locationwhereshehasnever beenbefore.However, recentwork
on relational probabilisticmodels[22,23] developsa promisingapproachwhere
predictionscanbe madein novel statesby smoothingstatisticsfrom semantically
similar states For example,sucha modelmight predictthatthe userhasa signi -
cantchanceof enteringa nearbyrestauranatnoonevenif thereis no historyof the
userpatronizingthatparticularrestaurant.
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