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Abstract. We presenta methodof learninga Bayesianmodelof a travelermov-
ing throughan urbanenvironment.This techniqueis novel in that it simultane-
ously learnsa uni�ed modelof the traveler's currentmodeof transportationas
well ashis most likely route, in an unsupervisedmanner. The model is imple-
mentedusingparticle �lters and learnedusingExpectation-Maximization.The
training datais drawn from a GPSsensorstreamthat wascollectedby the au-
thorsoveraperiodof threemonths.Wedemonstratethatby addingmoreexternal
knowledgeaboutbusroutesandbusstops,accuracy is improved.

1 Intr oduction

A centralthemein ubiquitouscomputingis building rich predictive modelsof human
behavior from low-level sensordata.Onestrandof suchwork concernstrackingand
predictinga person's movementsin outdoorsettingsusingGPS[1–4]. But locationis
only onesmallpartof a person'sstate.Ideally we would wantto recognizeandpredict
the high-level intentionsandcomplex behaviors that causeparticularphysicalmove-
mentsthroughspace.Suchhigher-ordermodelswould bothenablethecreationof new
computingservicesthatautonomouslyrespondto a person'sunspokenneeds,andsup-
port muchmoreaccuratepredictionsaboutfuturebehavior at all levelsof abstraction.

This paperpresentsan approachto learninghow a personusesdifferentkinds of
transportationin thecommunity. We useGPSdatato infer andpredicta user's trans-
portationmode, suchaswalking,driving,or takingabus.Thelearnedmodelcanpredict
modetransitions,suchasboardinga busat onelocationanddisembarkingat another.
We show thattheuseof sucha higher-level transportationmodelcanalsoincreasethe
accuracy of locationprediction,which is importantin orderto handleGPSsignalloss
or preparingfor futuredeliveryof services.

A key to inferring high-level behavior is fusing a user's historic sensordatawith
generalcommonsenseknowledgeof real-world constraints.Real-world constraintsin-
clude,for example,thatbusesonly take passengerson or off at busstops,thatcarsare
left in parkinglots,andthatcarsandbusescanonly travel onstreets,etc.. We presenta
uni�ed probabilisticframework thataccountsfor bothsensorerror(in thecaseof GPS,
lossof signal,triangulationerror, or multi-pathpropagationerror) andcommonsense
rules.

Although this work hasbroadapplicationsto ubiquitouscomputingsystems,our
motivatingapplicationis onewecall theActivity Compass,adevicewhichhelpsguide



acognitively impairedpersonsafelythroughthecommunity[5]. Thesystemnoteswhen
theuserdepartsfrom a familiar routine(for example,getson thewrongbus)andpro-
videsproactive alertsor calls for assistance.The Activity Compassis part of a larger
projectonbuilding cognitiveassistantsthatuseprobabilisticmodelsof humanbehavior
[6].

Our approachis built on recentsuccessesin particle�lters, a variantof Bayes�l-
ters for estimatingthe stateof a dynamicsystem[7]. In particularwe show how the
notionof graph-constrainedparticle�ltering introducedin [8] canbeusedto integrate
information from streetmaps.Extensionsto this techniqueincludericher usertrans-
portationstatemodelsandmultiplekindsof commonsensebackgroundknowledge.We
introduceathree-partmodelin whichalow-level �lter continuouslycorrectssystematic
sensorerror, aparticle�lter usesaswitchingstate-spacemodelfor differenttransporta-
tion modes(andfurtherfor differentvelocitybandswithin a transportationmode),and
a streetmapguidesthe particlesthroughthe high-level transitionmodelof the graph
structure.We additionallyshow how to applyExpectation-Maximization(EM) to learn
typicalmotionpatternsof humansin acompletelyunsupervisedmanner. Thetransition
probabilitieslearnedfrom realdatasigni�cantly increasethemodel'spredictivequality
androbustnessto lossof GPSsignal.

Thispaperis organizedasfollows.In thenext section,wesummarizethederivation
of graph-basedtrackingstartingfrom thegeneralBayes�lter , andshow how it canbe
extendedto handletransportationmodetracking.Then, in Sect.3, we show how to
learn the parametersof the trackingmodel usingEM. Beforeconcludingin Sect.5,
we presentexperimentalresultsthatshow we canlearneffective predictive modelsof
transportationusebehavior.

2 Tracking on a Graph

Our approachtracksa person's locationandmodeof transportationusingstreetmaps
suchastheonesbeingusedfor routeplanningandGPS-basedcartracking.Morespecif-
ically, our modelof theworld is a graph ���������
	�� which hasa set � of verticesand
aset 	 of directededges.Edgescorrespondto straightsectionsof roadsandfoot paths,
andverticesareplacedin thegraphto representeitheranintersection,or to accurately
modela curvedroadasasetof shortstraightedges.To estimatethelocationandtrans-
portationmodeof apersonweapplyBayes�lters, aprobabilisticapproachfor estimat-
ing thestateof a dynamicsystemfrom noisysensordata.We will now brie�y describe
Bayes�lters in the generalcase,show how to project the differentquantitiesof the
Bayes�lter onto thestructurerepresentedin a graph,andthendiscussour extensions
to thestatespacemodel.

2.1 BayesianFiltering on a Graph

Bayes�lters addresstheproblemof estimatingthestate
�� of adynamicalsystemfrom
sensormeasurements.Uncertaintyis handledby representingall quantitiesinvolved
in the estimationprocessusingrandomvariables.The key ideaof Bayes�lters is to
recursively estimatethe posteriorprobability densityover the statespaceconditioned



onthedatacollectedsofar. Thedataconsistsof asequenceof observations����� � andthe
posteriorover thestate
 � at time

�

is computedfrom thepreviousstate
 ����� usingthe
following updaterule (see[7,9] for details):
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The term 	
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 ����� � is a probabilisticmodelof theobjectdynamics,and 	
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 � �

describesthelikelihoodof makingobservation � � giventhelocation 
 � .
In thecontext of locationestimation,thestate,
 � , typically describestheposition

andvelocityof theobjectin 2D-space.WhenapplyingBayesian�ltering to agraph,the
stateof anobjectbecomesa triple 
 � ����� ��� ����� , where � � 	 denoteson which edge
theobjectresides,� indicatesthedistanceof theobjectfrom thestartvertex of edge� ,
and � indicatesthevelocityalongtheedge[8]. Themotionmodel	

� 
 � 
 
 ����� � considers
that theobjectsareconstrainedto motionon thegraphandmayeithertravel alongan
edge,or, at the endpointof the edge,switch to a neighboringedge.To computethe
probabilityof motionfrom oneedgeto another, thegraphis annotatedwith transition
probabilities	

���"!#
$�$% � , which describethe probability that the object transitsto edge
�&! giventhatthepreviousedgewas �'% andanedgetransitiontook place.Withoutother
knowledge,thisprobabilityis auniform distributionoverall neighboringedgesof �(% .

Our work builds on graph-basedBayesiantrackingby hierarchicallyextendingthe
statemodel.We add a higher level of abstractionwhich containsthe transportation
informationanda lower level sensorerror variable.The resultingstate 
 � consistsof
the variablesshown in Fig. 1. The presenceof a bus stopnearthe personis given by
thebinaryvariable)

� , andthepresenceof a parkinglot is modeledby *
� . Themodeof

transportation,denoted+
� , cantakeononeof threedifferentvalues

+ �,�.-0/2143 ��5�64687 �:9#;=<?>A@

�
� denotesthemotion velocity, andthe locationof thepersonat time

�

is represented
by B � �C��� ����� . D � denotestheexpectedsensorerror, which in our currentmodelcom-
pensatesfor systematicGPSoffsets.Finally, at thelowestlevel of themodel,raw GPS
sensormeasurementsarerepresentedby gps

�

.
Trackingsucha combinedstatespacecanbe computationallydemanding.Fortu-

nately, Bayes�lters canmake useof the independencesbetweenthedifferentpartsof
thetrackingproblem.Suchindependencesaretypically displayedin a graphicalmodel
like Fig. 1. A dynamicBayesnet [10,11], suchasthis one,consistsof a setof vari-
ablesfor eachtimepoint

�

, whereanarcfrom onevariableto anotherindicatesacausal
in�uence. Although all of the links areequivalentin their causality, Fig. 1 represents
causalitythroughtime with dashedarrows. In an abstractsensethe network can be
as large as the maximumvalueof

�

(perhapsin�nite), but underthe assumptionthat
the dependenciesbetweenvariablesdo not changeover time, andthat thestatespace
conformsto the �rst-order Markov independenceassumption,it is only necessaryto
representandreasonabouttwo time slicesat a time. In the �gure theslicesarenum-
bered

�FEHG

and
�

. Thevariableslabeledgpsaredirectly observable,andrepresentthe
position and velocity readingsfrom the GPSsensor(wherea possiblevalue for the
readingincludes“loss of signal”). All of the othervariables— sensorerror, velocity,
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Fig.1. Two-slicedynamicBayesnetmodelof thetransportationdomain,showing dependencies
betweentheobservedandhiddenvariables.Observedvariablesareshaded.Intra-temporalcausal
links aresolid, inter-temporallinks aredashed.

userlocation,mode,andthepresenceof aparkinglot or busstoplocation— arehidden
variableswhosevaluesmustbeinferredfrom theraw GPSreadings.

The dependenciesbetweenthe nodesin Fig. 1 can be quite complex. The GPS
readingat eachtime point is in�uenced by the local sensorerrorandtheuser's actual
velocity andlocation.Thelocationat time

�

only dependson theperson'spreviouslo-
cationandthemotionvelocity. NotethatGPSis explicitly notconsideredto providethe
trueuserlocation;urbaninterference,mapreferencepointerrors,GPSerrorandsensor
failureall causethe true locationto bea hiddenvariable.Thesensoroffsetcorrection
node D

� is usedto reasonabouterrorsin theGPSreadingswhich aresystematicover
timeandlocation.Thisnodemaintainsaprobabilitydistributionovercorrectionsto the
GPSsignalthatarecausedby multi-pathpropagationerrorand/ordynamicsatellitege-
ometry. Thenodeupdatesits belief stateby comparingGPSreadingsto thestreetmap
to graduallyadjustto local variationsin signaloffset.

A morecomplex relationshipgovernshow the modeof transportationin�uences
theinstantaneousvelocity. Thein�uenceof modeonvelocityis complicatedby thefact
thattherangeof possibleinstantaneousvelocitiesfor eachmodeoverlap.For example,
movementat7 km/hrmaybeabriskwalk or aslowly movingcaror bus.To simplify the
relationshipbetweenmodeandvelocity we modelthecontinuousvelocitiesusingthe
Gaussianmixtureshown in Fig. 2. A separateunsupervisedExpectation-Maximization
(EM) processdeterminedtheparametersof theseprobabilitydensitiesusingrealveloc-
ity data.Our modelassumesthatvelocitiesaredrawn randomlyfrom theseGaussians,
wheretheprobabilityof drawing from a particularGaussiandependson themode.For
example,thewalking modedraws a speedfrom the left-mostclusterwith probability
one.In thebusmode,thepersonhasa

G����

chanceof beingin eachof thethreeslow-
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Fig.2. Gaussianmixture model for the dependency of transportationmodeon velocities.The
GaussianswerelearnedusingEM basedon previously collectedvelocity data.The frequencies
of theraw velocity valuesareindicatedby thebins.Differenttransportationmodesaremodeled
by samplingwith differentprobabilityfrom thefour Gaussians.

estvelocity clusters.In our currentapproach,theprobabilitiesfor theGaussiansin the
differenttransportationmodesweresetmanuallybasedonexternalknowledge.Learn-
ing theweightsof themixturecomponentsdependingon thetransportationmode(and
eventuallylocation)is left for futureresearch.

In ourmodel,themotionmodeat time
�

only dependsonthepreviousmodeandthe
presenceof a parkinglot or busstop.For example,thepersoncanonly geton a busif
thenode

) �
indicatesthepresenceof a busstop.Thevaluesof thebusstopandparking

lot nodesdependon thelocationof theperson,asindicatedby thearrows in themodel
shown in Fig. 1. Learningmodeand location transitionprobabilitiesis an important
aspectof our approachandwill bediscussedin Sect.3.

2.2 Particle Filter BasedImplementation

Particle �lters provide a sample-basedimplementationof generalBayes�lters [7].
They representposteriordistributionsover the statespacewith temporalsets,
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arenon-negative numericalfactors
called importanceweights, which sumup to one.Like Kalman�lters, particle �lters
apply the recursive Bayes�lter updateto estimateposteriorsover thestatespace,but
unlike Kalman�lters, particle�lters arenot restrictedto unimodalposteriordistribu-



tions 1. The basicparticle�lter updatestheposterioraccordingto the following sam-
pling procedure,oftenreferredto assequentialimportancesamplingwith re-sampling
(SISR,seealso[7]):

– Sampling: Draw � samples
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from theprevioussetandgenerate� new samples
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Thenew samplesnow representthedensitygivenby theproduct
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This densityis theso-calledproposaldistribution usedin thenext step.
– Importance sampling: Assigneachsample
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an importanceweightaccording
to thelikelihoodof theobservation, � � , giventhesample,
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– Re-sampling: Multiply / discardsamplesby drawing sampleswith replacement
accordingto thedistributionde�ned throughtheimportanceweights�

�

! �

�

.

It canbe shown that this procedurein fact approximatesthe Bayes�lter update(1),
usingasample-basedrepresentation[7,13].

The applicationof particle�lters to the problemof locationandmodeestimation
usingthe network shown in Fig. 1 is ratherstraightforward.Eachparticle 
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repre-
sentsan instantiationof the randomvariablesdescribingthe transportationmode +

� ,
the location B � , and the velocity � � . The parking lot andbus stopvariables	

� and ) �

areextractedfrom eachsamplelocation B � . Finally, D � is determinedglobally for all
particlesby estimatingthe offset betweenGPSreadingsandthe streetmap.The up-
datestepsof theparticle�lter canbeimplementedasfollows.Thetemporalsampling
stepcorrespondsto advancingeachparticleaccordingto the motion model:First the
transportationmodeis chosenaccordingto the previous transportationmodeandthe
presenceof busstopsor parkinglots. This givesus + � . Thenwe randomlypick a ve-
locity from thevelocitymodelfor thespeci�c mode+ � . Thevelocityis usedto advance
thepositionof thepersononthegraph.If thesampledvelocityimpliesatransitionto an-
otheredge,thenext edge�

� is drawn with probability 	

���
�
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��+
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� (see[8] for more
informationon edgetransitions).After thesesamplingsteps,theresultingstatesrepre-
sentthepredictedlocation,velocity, andtransportationmode.Theimportancesampling
stepis implementedby weightingeachsampleaccordingto the likelihoodof observ-
ing thecurrentsignalfrom theGPSsensorgiventhenew locationof thesample.The
re-samplingstepof theparticle�lter algorithmdoesnothaveto bechanged.

1 We considermulti-hypothesistracking to be a viable alternative to our particle �lter based
implementation.Multi-hypothesistrackingovercomesthe restrictive assumptionof theplain
Kalman�lter by estimatinga stateusingmultiple Kalman�lters [12]. An implementationof
suchanapproachwill bepartof our futureresearch.



3 Parameter Learning

Oneof theadvantagesof modelingtheworld with a graphis theability to recordbe-
havioral dataaboutedgetransitions.Thediscretenatureof suchtransitionsfacilitates
unsupervisedlearningof hierarchicalmodelparameters.We haveanintuitiveprior ex-
pectationof how statetransitionsoccur betweenand within edges:edgetransitions
occuruniformly amongtheedge's neighbors,andmodetransitionsvary accordingto
thepresenceof a busstopor parkinglot.

Learningin thiscontext meansadjustingthemodelparametersto better�t thetrain-
ing data,typically to bettermodelanindividual useror theenvironment.Learningpa-
rametersfor speci�c individualscapturesidiosyncraticmotion patterns— the move-
mentstheusercommonlymakes,asopposedto thelogically possiblesetof movements.
Sinceour modelalsoincludestransportationmode,learningalsomeanschangingour
prior expectationsaboutwhich edgesmodetransitionsoccuron. Bus stopsandpark-
ing locationsareconceptuallocationswheremodetransitionsmay occur. Our model
enableslearningof the commonlyusedsubsetof theselocations,to highlight where
a userfrequentlyparkshercar, for example.The learnedmodelsupportsbettertrack-
ing andpredictionthanthe prior model,andis the foundationuponwhich high-level
understandingof theuser'sbehavior is built.

We now describehow to learnthe parametersof our graphmodelusingdatacol-
lectedby a personmoving throughthe community. Our motivatingapplicationof the
Activity Compassforcesusto learnthetransportationmodesin anunsupervisedman-
ner. Whendeployed,Activity Compassusersmustnotberequired,for example,to keep
a diary for severalweeksof their transportationmodesin orderto createa supervised
trainingset.Hence,themostobviousdif�culty is thatwehaveto learnthemotionmodel
basedsolelyonamapandastreamof non-continuousandnoisyGPSsensordata.

A generalapproachfor solvingsuchlearningproblemsis thewell-knownExpectation-
Maximization(EM) algorithm[14,15]. In our application,EM is basedon theobser-
vationthat learningthemodelparameterswould beeasyif we knew theperson's true
locationandtransportationmodeatany point in time.Unfortunately, locationandtrans-
portationmodearehiddenvariables,i.e. they cannotbe observeddirectly but have to
be inferredfrom theraw GPSmeasurements.EM solvesthis problemby iteratingbe-
tweenan Expectationstep(E-step)anda Maximizationstep(M-step). In a nutshell,
eachE-stepestimatesexpectations(distributions)over the hiddenvariablesusingthe
GPSobservationsalongwith thecurrentestimateof themodelparameters.Thenin the
M-stepthemodelparametersareupdatedusingtheexpectationsof thehiddenvariables
obtainedin theE-step.Theupdatedmodelis thenusedin thenext E-stepto obtainmore
accurateestimatesof thehiddenvariables.EM theorytells usthat in eachiterationthe
estimationof theparameterswill beimprovedandit will eventuallyconvergeto a local
optimum.In the following we give a moredetaileddescriptionof how to apply EM
theoryin our domain.

3.1 E-step:

Let
�

denotetheparametersof thegraph-basedmodelwewantto estimateand
�

�

%������

denotetheestimationthereofat the �

EHG

-th iterationof theEM algorithm.Themodel



parameterscontainall conditionalprobabilitiesneededto describethedynamicsystem
shown in Fig. 1. TheE-stepestimates
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i.e. theposteriordistribution over the trajectoriesof thepersongiventheobservations
andparametersupdatedin theprevious iteration.Here 
 ��� � and � ��� � arethestatesand
observations,respectively. Sinceit is not possibleto �nd a closed-formsolution for
theposteriorover 
 ��� � , wehaveto resortto anapproximateapproach[16]. Observethat
whenwedoparticle�ltering usingthemotionmodelwith parameter

�

�

% ��� � , theparticle
distribution at eachtime
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alongwith the history of particlesis an approximationfor
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� . Hence,thedesiredexpectationcanbecomputedusingthegraph-
basedparticle�lter describedin Sect.2.2. Beforewe give implementationdetailsfor
theE-step,let ustakea closerlook at theM-step.

3.2 M-step:

The goal of the M-step is to maximizethe expectationof �����
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��� � obtainedin the E-stepby updatingthe parameterestimations.
Becausethedistributionof 
���� � is representedby thehistoryof particles,theestimation
of theparametersat the � -th EM iterationis computedby summingoverall trajectories:
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Here, � is thenumberof particles,
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! �
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is thestatehistoryof the � -th particle,and
(3) followsfrom theindependencecondition
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i.e., observationsareindependentof modeltransitionparametersif thestatetrajectory
is known. For simplicity, we assumethatall theparticleshave equalweight, i.e. after
they areresampled.It is straightforwardto extendourderivationto thecaseof different
weights.

Our approachis in facta direct extensionof the MonteCarloEM algorithm[17].
Theonly differenceis thatweallow particlesto evolvewith time.It hasbeenshown that
whenthenumberof particles� is largeenough,MonteCarloEM estimationconverges
to thetheoreticalEM estimation[16].



3.3 Implementation Details

EventhoughEM canbeusedto learnall parameters
�

of themodeldescribedin Sect.2,
we aremostly interestedin learningthosepartsof themodelthatdescribethe typical
motionpatternsof auser. All otherparametersare�x edbeforehandandnotadjustedto
aspeci�c user. An advantageof thisapproachis thatit requiresmuchlesstrainingdata
thanlearningall parametersat once.

Themotion patternsof a speci�c useraredescribedby the locationtransitionson
thegraphandthemodetransitionsat thedifferentlocations.For the learningprocess,
we haveto initialize theseprobabilitiesto somereasonablevalues:

	

��� � 

� ����� ��+ ����� � is the transitionprobabilityon thegraphconditionedon themode
of transportationjust prior to transitioningto thenew edge.This conditionalprob-
ability is initialized to a uniform distribution acrossall outgoingedges,with the
exceptionof busrouteswhich have a strongbiasforcing busesto follow theroute
(bus routescanbe obtainedfrom GIS sourcessuchas[18]). With this exception,
our modelhasnopreferencefor aspeci�c pathof theperson.

	

� + � 

+ ����� ��� ����� � is themodetransitionprobability. Thisprobabilitydependson the
previous mode + ����� andthe locationof the person,describedby the edge � ����� .
For example,eachpersonhastypical locationswhereshegetson andoff thebus.
Mode transitionsareinitialized with commonsenseknowledge(e.g., onemaynot
switchfrom a busto a carwithout �rst beingon foot), andwith knowledgeof bus
stops.Parkinglots areuniformly distributedacrossour mapwith nobiasestoward
actualparkinglots.

A straightforwardimplementationof theE-stepgivenin (2) is to generatetheexpecta-
tion over statetrajectoriesby storingthehistoryof eachparticle(see[7] for a discus-
sion).To doso,ateachre-samplingphase,thehistoryof old samplesneedsto becopied
to thenew samples2. Thenat thelasttimestep,wehaveasetof sampleswith theirhis-
tories.At the M-step,we updatethe model parameterssimply by countingover the
particlehistories.For example,to get 	

���$! 
 �0% ��/2143 � , we countthenumberof times
whenaparticlein /21�3 modetransitsfrom edge�'% to � ! andthennormalizethecounts
overall edgesfollowing �
% and /21�3 . Thisapproach,althougheasyto implement,suf-
fersfrom two drawbacks.First,it is notef�cient. Whenthedatalog is fairly long,saving
thehistoriesfor all theparticlesneedsa largeamountof spaceandhistory replication
becomesslow. Second,andmoreimportantly, sincethenumberof samplesis �nite, the
repetitionof the re-samplingwill graduallydiminish thenumberof differenthistories
andeventuallydecreasetheaccuracy of theparticlebasedapproximation[7].

We canovercometheseproblemsby observingthatwe areonly interestedin learn-
ing thediscretetransitionsbetweenedgesandmodes,e.g., theprobabilityof transiting
from edge �

% to edge �
! in /2143 mode.The discretenessof thesetransitionsallows

us to apply thewell-known Baum-Welchalgorithm[15], anEM algorithmfor hidden
Markov models(HMM). TheMonteCarloversionof theBaum-Welchalgorithm[19]
performsat eachiterationboth a forward anda backward (in time) particle �ltering

2 Unnecessarycopy operationscanbeavoidedby usingtreedatastructuresto managepointers
describingthehistoryof particles.



step.At eachforwardandbackward�ltering step,thealgorithmcountsthenumberof
particlestransitingbetweenthe differentedgesandnodes.To obtainprobabilitiesfor
the differenttransitions,the countsof the forward andbackward passarenormalized
andthenmultiplied at thecorrespondingtime slices.

To show how it works,we de�ne:

�

� ��� � ��+ � � is thenumberof particlesonedge� � andin mode+ � attime
�

in theforward
passof particle�ltering.

�

� ��� � ��+ � � is thenumberof particleson edge� � andin mode+ � at time
�

in theback-
ward passof particle�ltering.

�

����� ��� � ��� ����� ��+ ����� � is theprobabilityof transitingfrom edge� ����� to � � at time
� E G

andin mode+ ����� .
�

����� ��+ � ��+ ����� ��� ����� � is the probability transitingfrom mode + ����� to + � on edge
� ����� at time

� E G

.

A shortderivationgivesus[15,19],
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After we have
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����� for all the
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from � to 7 , we updatethe parameters
as:3
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andsimilarly
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The completeimplementationis depictedin Table1. As the numberof particles
increases,the approximationconvergesto the theoreticalEM estimation.Fortunately,
our approachis veryef�cient in this regard,sinceour modelparametersareassociated
with thenumberof edgesandmodesin thegraph,not thenumberof particles.

In additionto the userspeci�c parametersour modelrequiresthe speci�cationof
otherparameters,suchasmotionvelocity andtheGPSsensormodel.Themotionve-
locity is modeledasamixtureof Gaussiansfrom whichvelocitiesaredrawn at random.

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



Table1. EM-basedparameterlearningalgorithm

Model Initialization: Initialize themodelparameters��������� �	��

��������

��� and��������� ����
������	��
���� .
E-step:

1. Generate� uniformly distributedsamplesandsettime ����� .
2. Performforwardparticle�ltering:

(a) Sampling:generate� new samplesfrom theexisting samplesusingthecurrentparam-
eterestimation����� � � � ��
�� ��� ��
�� � and����� � � � ��

� ��� ��
�� � .

(b) Importancesampling:reweighteachsamplebasedonobservation  �� .
(c) Re-sampling:multiply / discardsamplesaccordingto their importanceweights.
(d) Countandsave ! � ��� � �"� � �

(e) Set �#�$�&%'� andrepeat(2a)-(2d)until ���$( .
3. Generate� uniformly distributedsamplesandset ���$( .
4. Performbackwardparticle�ltering:

(a) Compute backward parameters �
��� ��

� � � � ��� � � , ����� ��
�� � � � ��� � � from
�����	��� �	��
���������

��� and�������)� ����

�����*��

���

(b) Sampling:generate� new samplesfrom theexisting samplesusingthe backward pa-
rameterestimation.

(c) Importancesampling:reweighteachsamplebasedonobservation  � .
(d) Re-sampling:multiply / discardsamplesaccordingto their importanceweights.
(e) Countandsave +,�)���	���������

(f) Set �#�$��-.� andrepeat(4b)-(4e)until ����� .

M-step

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

2. Update�
���*��� �*��

��������

��� and��������� ����
������	��

��� using(7) and(8).

Loop RepeatE-stepandM-stepusingupdatedparametersuntil modelconverges.

The probabilitiesof themixture componentsdependon thecurrentmotion modeand
canbelearnedbeforehandusingdatalabeledwith thecorrectmodeof motion.We use
astandardmodelto computethelikelihood	

���
�


 

�

� of aGPSsensormeasurement�
�

giventhelocation 

� of theperson[1].

4 Experiments

Our testdatasetconsistsof logsof GPSdatacollectedby oneof theauthors.Thedata
containsposition and velocity information collectedat 2-10 secondintervals during
periodsof time in which the authorwasmoving aboutoutdoors.This datawashand
labeledwith oneof threemodesof transportation:foot, bus,or car. This labelingwas
usefulfor validatingthe resultsof our unsupervisedlearning,but wasnot usedby the
EM learningprocess.

From this dataset,we chose29 episodesrepresentinga total of 12 hoursof logs.
This subsetconsistsof all of portionsof thedatasetwhich wereboundedby GPSsig-
nal loss, i.e. hadno intermediatelossof signalof more than30 seconds,andwhich



Fig.3. Car(left), Foot(middle),andBus(right) trainingdatausedfor experiments.Theblackdot
is acommonmapreferencepointon theUniversityof Washingtoncampus.

containeda changein themodeof transportationat somepoint in theepisode.These
episodeswere divided chronologicallyinto three groupswhich formed the setsfor
three-foldcross-validationfor our learning.Fig. 3 shows oneof the cross-validation
groupsusedfor training.Thestreetmapwasprovidedby theUS CensusBureau[20]
andthelocationsof thebusstopscomefrom theKing CountyGIS of�ce [18].

4.1 Mode Estimation and Prediction

Oneof theprimarygoalsof ourapproachis learningamotionmodelthatpredictstrans-
portationroutes,conditionedon themodeof transportation.We conductedan experi-
mentto validateourmodels'ability to correctlylearnthemodeof transportationatany
given instant.For comparisonwe alsotraineda decisiontreemodelusingsupervised
learningon thedata[21]. We providedthedecisiontreewith two features:thecurrent
velocityandthestandarddeviationof thevelocity in theprevioussixty seconds.Using
thedataannotatedwith thehand-labeledmodeof transportation,thetaskof thedecision
treewasto outputthetransportationmodebasedon thevelocity information.We used
three-foldcross-validationgroupsto evaluateall of thelearningalgorithm.Theresults
aresummarizedin the�rst row of Table2.The�rst resultindicatesthat55%of thetime
the decisiontreeapproachwasableto accuratelyestimatethe currentmodeof trans-
portationon thetestdata.Next, weusedour Bayes�lter approachwithout learningthe
modelparameters,i.e. with uniform transitionprobabilities.Furthermore,this 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, therebyincreasingtheaccuracy to 60%.Thebene�t
of additionallyconsideringbusstopsandbusroutesbecomesobviousin thenext row,
whichshowsamodeaccuracy of 78%.Finally, usingEM to learnthemodelparameters



increasestheaccuracy to 84%of thetime,on testdatanot usedfor training.Notethat
this valueis veryhigh giventhefactthatoftena changeof transportationmodecannot
bedetectedinstantaneously.

Table 2. Modeestimationquality of differentalgorithms.

Model Cross-Validation
PredictionAccuracy

DecisionTreewith SpeedandVariance 55%
PriorGraphModel,w/o busstopsandbusroutes 60%
Prior GraphModel,w/ busstopsandbusroutes 78%

LearnedGraphModel 84%

A similar comparisoncanbedonelooking at thetechniques'ability to predictnot
just instantaneousmodesof transportation,but alsotransitionsbetweentransportation
modes.Table3 showseachtechnique'saccuracy in predictingthequalitativechangein
transportationmodewithin 60secondsof theactualtransition— for example,correctly
predictingthatthepersongotoff abus.Precisionis thepercentageof timewhentheal-
gorithmpredictsa transitionthatanactualtransitionoccurred.Recallis thepercentage
of real transitionsthat werecorrectlypredicted.Again, the tableclearly indicatesthe
superiorperformanceof our learnedmodel.Learningtheuser'smotionpatternssigni�-
cantlyincreasestheprecisionof modetransitions,i.e. themodelis muchmoreaccurate
at predictingtransitionsthatwill actuallyoccur.

Table3. Predictionaccuracy of modetransitionchanges.

Model PrecisionRecall

DecisionTreewith SpeedandVariance 2% 83%
PriorGraphModel,w/o busstopsandbusroutes 6% 63%
PriorGraphModel,w/ busstopsandbusroutes 10% 80%

LearnedGraphModel 40% 80%

An exampleof themodesof transportationpredictedaftertrainingononecross-validation
setis shown in Fig. 4.

4.2 Location Prediction

The locationpredictioncapabilitiesof our approachareillustratedin Fig. 5 and6. In
Fig. 5, the learnedmodelwasusedto predict the locationof the personinto the fu-
ture.This wasdoneby providing thegroundtruth locationandtransportationmodeto
the algorithmandthenpredictingthe most likely pathbasedon the transitionproba-
bilities learnedfrom the trainingdata.The �gure shows thepercentageof trajectories
thatwerepredictedcorrectly, givendifferentpredictionhorizons.Predictionlengthwas
measuredin city blocks.For example,in 50%of thecases,the locationof theperson



Fig.4. This map shows the learnedtransportationbehavior basedon one cross-
validation set containingnineteenepisodes.Shown are only thoseedgesand mode
transitionswhich the learnedmodelpredictswith high probabilities.Thick gray lines
indicatelearnedbusroutes,thin blacklinesindicatelearnedwalking routes,andcross-
hatchesindicatelearneddriving routes.Circlesindicateparkingspots,andthetriangles
show the subsetof bus stopsfor which the model learneda high probability transi-
tion on or off thebus.Therearefour call-outsto show detail. (A) shows a frequently
traveledroadendingin threedistinctparkingspaces.This routeandtheparkingspots
indicatethecorrectlylearnedcartripsbetweentheauthor'shomeandchurch.(B) shows
a frequentlytraveledfoot routewhich entersfrom thenortheast,endingat oneof the
frequentlyusedbusstopsof theauthor. Themainroadrunningeast-westis anarterial
roadproviding accessto the highway for the author. (C) shows an intersectionat the
northwestof the Universityof 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 parkingspot indication.Walk-
ing routesextendwestto a shoppingareaandeastto thecampus.(D) shows a major
universityparkinglot. Foot traf�c walkswesttowardcampus.
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Fig.6. Locationandmodepredictioncapabilitiesof thelearnedmodel.

waspredictedcorrectlyfor 17 blockswhenthepersonwason thebus. In 30% of the
cases,thepredictionwascorrectfor 37 blocks,and75 blockswerepredictedcorrectly
in 10%of thecases.Notethatthelineardropin busroutepredictionprobabilityis due
to thefactthatthedatacontainedseveralcorrectlypredictedepisodesof a92blocklong
bustrip. Obviously, long termdistancepredictionis muchlessaccuratewhena person
walks.This is dueto the highervariability of walking patternsandthe fact that peo-
ple typically do not walk for many city blocks,therebymakinga long termprediction
impossible.

In Fig. 6, the learnedmodelwasusedto predictboth the locationand the trans-
portationmodeof the personinto the future.This wasdoneby providing the ground



truth locationto the algorithmandthenpredictingthe most likely pathandsequence
of transportationmodeswitchesbasedon the transitionprobabilitieslearnedfrom the
trainingdata.Thegraphshows that in 50%of thecases,themodelis ableto correctly
predictthemotionandtransportationmodeof thepersonfor � ve city blocks.This re-
sult is extremelypromisinggiven that themodelwastrainedandtestedon subsetsof
29episodes.

5 Conclusionsand Future Work

Thework presentedin thispaperhelpslay thefoundationfor reasoningabouthigh-level
descriptionsof humanbehavior usingsensordata.We showedhow complex behaviors
suchas boardinga bus at a particularbus stop, traveling, and disembarkingcan be
recognizedusing GPSdataandgeneralcommonsenseknowledge,without requiring
additionalsensorsto be installedthroughoutthe environment.We demonstratedthat
goodpredictiveuser-speci�c modelscanbelearnedin anunsupervisedfashion.

Thekey ideaof our approachis to applya graph-basedBayes�lter to tracka per-
son's locationandtransportationmodeon a streetmapannotatedwith busrouteinfor-
mation.Thelocationandtransportationmodeof thepersonis estimatedusingaparticle
�lter . We showed how theEM algorithmalongwith frequency countsfrom theparti-
cle �lter canbe usedto learna motion modelof the user. A main advantageof this
unsupervisedlearningalgorithmis the fact that it canbe appliedto raw GPSsensor
data.

Thecombinationof generalknowledgeandunsupervisedlearningenablesa broad
rangeof “self-customizing”applications,suchasthe Activity Compassmentionedin
Sect.1.Furthermore,it is straightforwardto adoptthisapproachfor “life long” learning:
theuserneverneedsto explicitly instructthedevice,yet thelongertheusercarriesthe
device themoreaccurateits usermodelbecomes.

Ourcurrentandfutureresearchextendstheworkdescribedin thispaperin anumber
of directions,includingthefollowing:

1. Making positiveuseof negativeinformation.Lossof GPSsignalduring tracking
causestheprobabilitymassto spreadout asgovernedby thetransitionmodel.We
haveseenthatlearningsigni�cantly reducestherateof spread.In somecases,how-
ever, lossof signalcanactuallybeusedto tightentheestimationof theuser's loca-
tion. In particular, mostbuildingsandcertainoutdoorregionsareGPSdead-zones.
If signalis lost whenenteringsuchanarea,andthenremainslost for a signi�cant
periodof time while theGPSdevice is active, thenonecanstrengthentheproba-
bility thattheuserhasnot left thedead-zonearea.

2. Learningdaily andweeklypatterns.Our currentmodelmakesno useof absolute
temporalinformation,suchasthe time of day or the day of the week.Including
suchvariablesin our modelwill improve trackingandpredictionof many kinds
of commonlife patterns,suchasthefact that theusertravelstowardshis placeof
work onweekdaymornings.

3. Modelingtrip destinationandpurpose. Thework describedin this papersegments
movementin termsof transitionsat intersectionsandbetweenmodesof transporta-
tion. At a higher level of abstraction,however, movementcan be segmentedin



termsof trips thatprogressfrom a locationwheresomesetof activities take place
(suchashome)to a locationwherea differentclassof activities take place(such
astheof�ce). A singletrip betweenactivity centerscaninvolve severalshiftsbe-
tweenmodesof transportation.By learningtrip modelswe expect to be able to
increasetheaccuracy of predictions.More signi�cantly, trip modelsprovideaway
to integrateothersourcesof high-level knowledge,suchasa user's appointment
calendar.

4. Usingrelationalmodelsto makepredictionsaboutnovelevents.A signi�cant lim-
itation of our currentapproachis that useful predictionscannotbe madewhen
the useris in a locationwhereshehasnever beenbefore.However, recentwork
on relationalprobabilisticmodels[22,23] developsa promisingapproachwhere
predictionscanbemadein novel statesby smoothingstatisticsfrom semantically
similar states.For example,sucha modelmight predictthat theuserhasa signi�-
cantchanceof enteringanearbyrestaurantatnoonevenif thereis nohistoryof the
userpatronizingthatparticularrestaurant.

Acknowledgment

Thiswork haspartlybeensupportedby theNSFundergrantnumbersIIS-0225774and
IIS-0093406,by AFRL contractF30602–01–C–0219(DARPA's MICA program),and
theIntel corporation.

References

1. Hightower, J., Borriello, G.: Location systemsfor ubiquitouscomputing. Computer34
(2001)IEEEComputerSocietyPress.
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