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Abstract

Tracking the actwvity of peoplein indoor ervironments
hasgainedconsiderablattentionin the roboticscommu-
nity over the lastyears. Most of the existing approaches
arebasedon sensorsvhich allow to accuratelydetermine
thelocationsof peoplebut do not provide meango distin-
guishbetweendifferentpersons.in this paperwe propose
anovel approacho trackingmoving objectsandtheiriden-
tity usingnoisy, sparsanformationcollectedby id-sensors
suchas infrared and ultrasoundbadgesystems. The key
idea of our approachis to usepatrticle Ilters to estimate
the locationsof peopleon the Voronoi graphof the envi-
ronment. By restrictingparticlesto a graph,we make use
of theinherentstructureof indoor ervironments. The ap-
proachhastwo key advantagesFirst, it is by farmoreef -
cientandrobustthanunconstrainegarticle Iters. Second,
the Voronoi graphprovidesa naturaldiscretizationof hu-
manmotion,which allows usto apply unsupervisedearn-
ing techniquedo derive typical motionpatternsof the peo-
ple in the environment. Experimentausinga robotto col-
lect ground-truthdataindicatethe superiomperformancef
Voronoitracking. Furthermorewe demonstraté¢hat EM-
basedearningof behaior patternsincreaseshe tracking
performanceand provides valuableinformation for high-
level behavior recognition.

1 Intr oduction

Over the last years,the estimationof the locationof peo-
ple in indoor environmentshasgainedincreasedattention
in the roboticscommunity[5; 13; 9]. This is mainly due
to the fact that knowledge about the positionsand mo-
tion patternsof peoplecan help mobile robotsto better
interactwith people,as statedin [1]. Most existing ap-
proachego peopletrackingrely on laserrange- nders|[5;
1; 13] or camerag9]. A key advantageof thesesensorss
theirlocationaccurag. Unfortunatelythey do not provide
informationaboutthe identity of people. Recently espe-
cially the ubiquitouscomputingcommunityhasstartedto
equipindoor ervironmentswith networks of sensorghat
arecapableof providing informationabouta personsloca-
tion andidentity [8]. Suchsensorshowever, have the dis-
adwantagethatthey provide only relatively coarsdocation
information. In additionto beingcorruptedby noise,such
sensorprovide measurementst low frameratesonly.
Even thoughid-sensorsdo not allow accurateposition
estimation,they canbe usedto keeptrack of a persons
location at a more abstractlevel suchas which room or

hallway sheis in. Suchdiscrete abstractocationinforma-
tion additionallyprovidesanidealrepresentatiofor learn-
ing patternsn a persons long term behaior. In contrast,
patterndiscovery in continuousspacerajectoriesoftenre-
quiressupervisedearningmethodd 1].

Basedon theseobsenations,we introducea novel ap-
proachto estimatingthe locationsof peopleusing sparse
and noisy sensordata collectedby id-sensors. The key
idea of our approachis to track the locationsof people
on Voronoi graphs[3], which allow us to naturally rep-
resenttypical humanmotion along the main axes of the
freespace TheestimatedrajectoriesontheVVoronoigraph
help us to bridge the gap betweencontinuoussensordata
and discrete,abstractmodelsof humanmotion behaior.
In contrastto existing localizationapproachesising dis-
crete,abstracrepresentationsl4; 3], our methodprovides
accurateestimateslongthe continuousdgeof thegraph.
We introduceatwo-level approachn whichapatrticle Iter
usesa switchingstatespacemodelfor humanmotion,and
the Voronoi graph guidesthe particlesthroughthe high-
level transitionmodelof the graphstructure.We addition-
ally shav how to apply EM to learntypical motion pat-
ternsof humansn acompletelyunsupervisedhanner The
transitionprobabilitieslearnedfrom real datasigni cantly
increasethe trackingquality of the approach.Our experi-
mentsshaw thattrackingontheVoronoigraphsigni cantly
outperformgarticle lters in theunconstrainedtatespace
(arbitrarypositionandorientation).

This paperis organizedasfollows. In the next section,
we will derive Voronoi tracking startingfrom the general
Bayes lter. Then,in Section3, we shav how to learnthe
parameter®f the trackingmodel using expectationmax-
imization. Before concludingin Section5, we shav ex-
perimentalresultssupportingthe superiorperformanceof
Voronoitracking.

2 Voronoi Tracking

We de ne a Voronoi graph by aset of
vertices andaset of directededges . Figurel(a)
shaws the Voronoi graphrepresentinghe Intel Research
Lab Seattle ourindoortestingenvironment.Note thatthis
graphresultsfrom manualpruningof the original Voronoi
graph[3] andthatfor clarity only theundirectedversionof
thegraphis shown.
In the following we phrasethe problemof locationes-
timation on Voronoi graphsas a specialcaseof Bayesian
Itering, on which virtually all probabilisticlocationesti-



() (d)

Figure 1: Voronoigraphsfor locationestimation:(a) Indoor ernvironmentlongwith manuallyprunedvoronoigraph. Showrare alsothe

positionsof ultrasoundCrickets(circles)andinfrared sensos (squaes). (b) Patchesusedto computdikelihoodsof sensormeasuements.
Each patct representdocationsover which thelikelihoodsof sensomeasuementsare aveliaged. (¢) Likelihoodof an ultra-soundcricket

reading(upper)and an infrared badge systenmeasuement(lower). While the ultra-soundsensorprovidesroughdistanceinformation,

the IR sensoronly reportsthe presenceof a personin a circular area. (d) Correspondindikelihoodprojectedontothe Voronoi graph.

mationapproachesre based.We will startby describing
generaBayeslters for thefull continuousstatespaceand
wewill thenshav how to projectthedifferentquantitiesof
the Bayes Iter onto the topologicalstructurerepresented
in aVoronoigraph.

2.1 BayesianFiltering on a Voronoi Graph

Bayes lters estimateposteriordistributions over the state
of a dynamicalsystemconditionedon all sensorinfor-
mationcollectedsofar:

1)

Here isthehistoryof all sensomeasurementbtained
uptotime . In thecontext of locationestimationthe state
typically describeghe positionand velocity of the object
in -space.Theterm is a probabilistic
modelof the objectdynamicsand describeghe
likelihood of makingobsenation  giventhe location
andamapof theervironment.
Let us now describehow to implementthe recursve
Bayes Iter for Voronoi graphs. We representhe state
of an object by a triple , where de-
notesthe currentedgeon the graph, indicatesthe dis-
tanceof the object from the start vertex of edge , and
stoppedmoving indicatesthe currentmotion state
of the object. A straightforvardimplementatiorof the ob-
senation model for Voronoi graphswould be to simply
computethelik elihoodof obsenationsfor positionsonthe
graph. However, this is not a valid approactsinceit does
not considerthefactthatthe Voronoigraphprojectsthe 3d
statespaceonto the one-dimensionagraph . Hence,to
computethelikelihoodof anobsenation givenaposition
on the graph,we have to integrateover all 3d positions
projectedonto :

)
Here, denoteghesetof all positions projectedonto
. In thelimit, arethestatewontheline from tothe

closestobjectsde ning the Voronoigraph. In our imple-
mentationof the sensomodel,we discretizepositionson

thegraph,which resultsin locationpatches , asillus-
tratedin Figure1(b)—(d).

The motionmodel hasto take into account
that the objectsare constrainedo maoving on the graph.
Here, we adopta switching state model approachbased
on the assumptiorthat objectseither do not move at all
( stopped, or move ( moving) * with a veloc-
ity governedby aGaussiarprocessvith mean variance

. Additionally, have to considermotion alongan edge
of the Voronoi graphaswell asmotion from one edgeto
anotherLet us rst describehesimplercaseof motionon
oneedge whichwe denote :

move
stopped 3)
Here, is the Dirac deltafunctionwhichis 1,
if andO otherwise.In Section3 we will shav
how to usedatato learn , the switching be-
tweenmotion states. denoteghedistancefunc-
tion onthe Voronoigraph.It canbede ned as
if
, 4)
otherwise
The term computeghe distanceto the end

of edge plusthedistance onthenext edge.For clar
ity, we restrictthe de nition to the caseof motionbetween
neighboringedges and , butit caneasilybe extended
to thegenerakaseof multi-edgemotionsteps.

To computethe probability of motionfrom oneedgeto
anothey we assumethat the Voronoi graphis annotated
with transition probabilities , which describethe
probabilitythatthe objecttransitsto node giventhatthe
previous nodewas and an edgetransitiontook place.
Without prior knowledge, this probability is distributed
uniformly overall neighboringedgesof . Combiningthis
graphtransitionmodelwith the singleedgemotion model

YWhile this modelmight seentoo simplistic, our experiments
indicatethatit yieldsgoodresultsandthe extensionto morecom-
plex motionmodelsis possible.



givenin (3), we getthe modelfor motiononthegraph:
if
if ®)

This nalizes our descriptionof how generalstatespace
Bayes lters canbe projectedonto VVoronoigraphs.In the
next sectionwe will describenow to implementthis graph-
basednodelusingparticle lters.

2.2 Particle Filter Basedimplementation

Particle lters provide a sample-base@nplementationof
generaBayes lters [6; 4]. Thekey ideaof particle Iters

is to represenposteriorsover the state by sets  of
weightedsamples:
Here each is a sample(or state),and the are

non-negative numericalfactorscalledimportanceweights
which sumup to one. Justlike Kalman lters, particle I-
tersapplytherecursve Bayes Iter updateto estimatepos-
teriorsover the statespace.The basicform of the particle
Iter updateghe posterioraccordingo thefollowing sam-
pling procedurepftenreferredto assequentiaimportance
samplingwith re-samplingSISR,seealso[4]):
Re-sampling: Draw with replacement randomsample
from the sampleset accordingto the (discrete)

distribution de ned by theimportanceweights
Sampling: Use to sample from the distribution

now representshe densitygivenby the
product . This densityis the
so-calledproposaldistribution usedin the next step.

Importance sampling: Weightthesample by theim-
portanceneight , thelikelihoodof themeasure-

ment giventhestate

Eachiteration of thesethree stepsgeneratesa sample
drawn from the posteriordensity After iterations,the
importanceweightsof the samplesare normalizedso that
they sumupto 1. It canbeshown thatthis proceduren fact
approximateghe Bayes lter update(1), usinga sample-
basedepresentatiofd].

The applicationof particle Iters to locationestimation
on a Voronoi graphis ratherstraightforvard. The resam-
pling stepdoesnot have to be changedat all. Sampling
the motion updatehasto be doneaccordingto (3)—(5). To
do so, recall that the state containsthe position on

the graphalongwith the motion state . Let usbegin
with (3). We rst samplethe motionstate  with proba-
bility proportionalto Af moving, then

we randomlydraw the traveleddistance from the Gaus-
siandistribution givenin (3). For this distance , we have
to determinewhetherthe motionalongthe edgeresultsin

a transitionto anotheredge. If not, then

and . Otherwise, andthe
next edge is drawvn with probability . Oth-
erwise,if the motion state stoppedthe position

is setto be . After thesesamplingstepstheresulting
statesare distributed accordingto . Theim-

portancesamplingstepof theparticle Iter isimplemented
by weightingeachsampleproportionalto the projectedob-

senationlik elihoodasgivenin (2).

To summarize we describedchow to performrecursve
Bayesian Itering by projectingthe generalBayes lIter
onto Voronoi graphs,followed by a sample-basednple-
mentation. In the next section,we will describehow to
learnthe motion patternsof individual people.

3 Parameter Learning

Oneof the key applicationsof graph-basedbcation esti-
mationis the collection of long-termdataso asto learn
behaior modelsof individual people. Learningparame-
tersfor a speci c personnot only increaseshe accurayg
of tracking,but alsoallows usto understandlifferentmo-
tion patternsfor differentpeople. As a rst stepin this
direction,we will now describehow to learnthe parame-
tersof our Voronoimodelusingdatacollectedby anobject
moving throughthe ervironment.Theparameters of the
modelconsistof thetransitionprobabilitieson the Voronoi
graph, , the switching parametersf the motion
model, , andthe Gaussiamotionparameters
2 To learntheseparameterérom data,we needan
estimateof therobot's locationat eachpointin time. Un-
fortunately thesepositionsare not directly obsenablebut
have to be estimatedrom the sensordata. To solve this
problemwe applythe EM (Expectation-Maximizationgl-
gorithm [12], which is the mostwidely usedapproachto
solving learning problemswith missing features. EM is
aniterative algorithmwhich hasan E-stepandan M-step
at eachiteration. In a nutshell,eachE-stepestimateghe
trajectoryof the personthroughthe ervironment. This is
doneusing the Voronoi tracking approachalongwith the
modelparametergearnedin the previousiterationof EM.
The particletrajectoriesof the E-stepare usedto generate
countsfor transitionson thegraph.Theseransitioncounts
arethenusedn the M-stepto updatehemodelparameters.

3.1 E-Step:

In the E-step,we updatethe posteriordistribution over the
trajectoriesof the personand computethe expectationof
thelog-likelihood(see[12; 10] for details).We de ne:

(6)

(7)

Here and are the sequencesf statesand obser
vations,respectrely.  arethe parametersf the Voronoi
graph-basedodelwe wantto estimateand arethe
estimationthereofat the -th iteration of the EM al-
gorithm. Thedif culty hereis to estimatethe seconderm

2\We donotlearntheobsenationlik elihood(2), sinceit canbe
extracteddirectly from the generaimodelof thesensors.



of (7), which is the posteriordistribution over statetrajec-
tories given obsenations and model parameters
. To estimatethesetrajectorieswe do particle |-
tering using the motion and graphtransition model with
parameter . Smoothingof thetrajectorieds doneby
performingaforwardandabackward ltering passhrough
the data. Thenwe multiply the countsresultingfrom the
two distributionsat correspondingime slices,which cor
respondsto the Baum-Weélch algorithm widely usedfor
Hidden Markov Models [12]. The resulting estimateis
a sample-basedpproximationfor
More speci cally, (7) is approximatedy

— (8)

where isthenumberof particlesand is thestatehis-
tory of the -th particle,estimatedusingthe data. For sim-
plicity, we assumehatall the particleshave equalweight,
i.e. afterthey areresampledlt is straightforvardto extend
our derivationto the caseof differentweights.

Knowing the stateof the particlesat the differentpoints
in time, it is straightforvardto extractinformationneeded
for theM-step.Thegraphtransitionparameters
canbe estimatedby countingthe numberof particlesthat
move from oneedge to anotheredge . To generate
suchcounts,we discretizetime into intervals of equalsize

andsumthenumberof transitionsduringeachinterval.
We additionallygenerateountsfor , thenumberof
particleson edge thatswitchfrom onemotion state
into anothelothermotionstate . Thereasorfor learning
different switching modelsfor eachedgeis that we want
to be ableto determinewherea persontypically stopsfor
extendedperiodsof time. To estimatethe parameterof
the Gaussiarmotion model, we storethe velocitiesof all
sampleghatarein the “moving” state. The generatiorof
countsturnsoutto be very ef cient sinceat eachtime we
only needto sare the aggreyateinformationfor eachedge,
notfor eachparticle.

Our approactis in factvery similar to the Monte Carlo
EM algorithm[16]. The only differenceis that we allow
particlesto evolve with time. It hasbeenshown thatwhen

is large enough Monte Carlo EM estimationcorverges
to thetheoreticaEM estimation[10].

3.2 M-step:

The goal of the M-stepis to maximizethe expectationwe
computedn the E-stepby updatingthe parameteestima-
tions. From(8), we have:

)
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Figure 2: Sensormodel of ultrasoundcrickets and infrared
badge systemThe -axisrepresentghedistancefromthedetect-
ing infrared sensorand ultrasoundsensor(4multrasoundsensor
reading),respectivelyThe -axisgivesthelikelihoodfor the dif-
ferentdistancedromthesensar

(10)

Here,(9) follows from theindependenceondition

, i.e. obsenationsareindependent
of model parametersf the statetrajectoryis known. To
maximizethe parameteset , the M-stepessentiallycon-
vertsthefrequeng countsobtainedn the E-stepinto prob-
abilities. Theparametersf the Gaussianmotionmodelare
themeanandvarianceof thevelocity values.

To summarizeEM iterateshetweeranexpectationstep,
which estimateghe trajectoryof the personusing particle
Itering forwardsandbackwardsthroughthedataset. The
trajectoriesareusedto countthetransitionsof particleson
the Voronoi graph,the switching betweenmotion modes,
andthe velocitiesof particles. Thesevaluesarethencon-
vertedinto probabilitiesduring the M-step, which gener
atesa new model estimate. The updatedmodelis then
usedin thenext iterationto re-estimatehetrajectoryof the
person. For the rst E-step,we initialize with some
reasonable/aluesusing backgroundcknowledgeof typical
humanmotionanda uniform distribution for the outgoing
edgesat eachvertex of the Voronoigraph. The algorithm
stopsif and arecloseenough.

4 Experiments

We evaluatedheperformancef theVoronoitracking(VT)
approacthasedn datarecordedat the Intel Researctab
Seattle(Figure3). Theof ce ervironmentis equippedvith
two differentkinds of id sensors:73 Versusinfrared re-
ceiverswhich provide informationaboutthe presencef a
personin the vicinity of a sensorandthreeCricket ultra-
soundrecevers,which provide identity and distanceesti-
mates(see[8] andreferencesherein). Figure 2 shavs a
modelof theuncertaintyof thetwo sensotypes.Both sen-
sorssuffer from a high probability of false-ngative read-
ings,i.e. they frequentlyfail to detecta person.
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Figure 3: (a) Trajectoryof the robot during a 25 minuteperiod of training data collection. True path (in light color) and mostlikely
path as estimatedusing (b) Voronoi tracking and (c) original particle Iter s. (d) Motion modellearnedusing EM. The arrowsindicate
thosetransitionsfor which the probability is above 0.65. Placeswith high stoppingprobabilities are representeddy disks. Thicker arcs

andbigger disksindicatehigherprobabilities.
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Figure 4: Localizationerror for differentnumbes of samples.

To generatalatafor which groundtruth is available,we
equippeda mobilerobotwith two Versushadgesa Cricket
beacon,and additionally with a Sick laserrange- nder
Our experimentis basedon a 35-minute-longlog of sen-
sormeasurementeceivedwhile driving therobotthrough
the ervironment. The robot moved at an averagevelocity
of 30 cm/sand was stoppedat designatedestingplaces.
Thelaserrange- nderallowedusto accuratelyestimatehe
pathof therobotusingthemapshown in Figure1(a).

As aninitial test,we determinedheaveragdocalization
errorwhenusingun-trainedVT (seevideo)vs. a particle

Iter (PF)representindpcationsin thecompletefreespace
of the ervironment. The resultingerror on the complete
log was m for VT and m for PE. This resultis ex-
tremely encouragingsinceit indicatesthat the projection
onto the Voronoi graphdoesnot only resultin a goodap-
proximationof the PF, but yields better performancehan
the PE Figure 3(b) and (c) shawv typical maximumlik e-
lihood trajectoriesusing VT and PF, respectiely 3. The
graphsclearlydemonstrat¢he superiomperformancef the
VT technique®. We also comparedthe tracking perfor

3Thesepathswere generatedrom the trajectory (history) of
themostlikely particleatthe endof therun. For clarity, only part
of thetrajectoryis shavn

“Pleasevisit www.cs.washington.edu/homes/liaolin
/Researchferonoitracking.htmlfor videoson using both tech-
niques.

mancefor differentsamplesetsizes.Theresultsaregiven
in Figure4. It becomeglearthatVT makesvery ef cient
useof particlesandit is ableto track well usingonly 200
particles.

Next, we evaluatedthe learningperformancesf VT. We
split thecompletedatalog into a trainingsetof 25 minutes
andatestsetof 10 minutes.We trainedthe VT modelus-
ing the EM algorithmdescribedn Section3 onthetraining
setanddeterminedhetrackingerroron thetestdatausing
the motion modellearnedat eachiteration. Theresultsare
summarizedn Tablel.

As can be seen,the algorithm corvergesafter only 3 it-

EM lIteration | Avg. Tracking | Error Reduction
Errors(m) afterLearning
beforelearning 2.63 -
1 2.27 13.7%
2 2.05 22.1%
3 1.84 30.0%
4 1.79 31.9%
5 1.76 33.1%

Table 1: Evolutionoftesterror during EM learning

erationsof EM, and using the learnedmodel increases
the tracking accurag signi cantly. This shavs that the

Voronoi graphis able to extract the correct motion pat-

ternsfrom thetrainingdata. This factis supportedy Fig-

ure3(d), whichvisualizeghemotionmodellearnedafter5

iterations.Themodelcorrectlyre ects thepathandresting

locationsof therobot.

5 Conclusionsand Future Work

We have presentedh novel approacho trackingthe loca-
tion of peoplein indoor ervironments. The techniqueis
ableto robustly estimatea personslocationevenwhenus-
ing only sparsenoisyinformationprovidedby id-sensors.
Thekey ideaof ourapproachis to useaparticle lter thatis
projectedontoaVoronoigraphof theervironment.There-
sultingmodelis atwo-level techniquewhere,onthelower
level, the particle Iter estimatesthe location of people
alongthe continuousedgesof thegraph. At the next level,
the particlesgenerateransitionson the discreteVoronoi



graph. Thesetwo levels are highly connectedsincetran-
sitionson the Voronoi graphhelpto predictthe motion of
particlesthroughthe graphstructure. On the otherhand,
particlemotionhelpsto estimateandlearnthediscretetran-
sition model of the graph. Learningis achieved by EM,
which concurrentlyestimateshemodelparameteratboth
levels.

Usingdatacollectedby a mobile robot,we demonstrate
that our approachhastwo key advantages.First, it is by
far moreef cient androbustthanpatrticle Iters which es-
timatethelocationof peoplein the completefree spaceof
anervironment.SecondtheVoronoigraphprovidesa nat-
ural discretizationof humanmotion, which allows us to
learntypical motion patternsusing expectationmaximiza-
tion. We shav thatthe EM-basedearningof behaior pat-
ternsindeedincreaseshe performancef theapproach.

The work presentechereis relatedto tracking a per

son's or vehicle's locationusing outdoorGPSdata. Most
stateof the art GPS tracking systemsproject GPSread-
ings onto graph-basednapsdescribingstreets walkways
etc Recently severalresearchersuggestedisingKalman
Iters to integrate GPS sensorreadingsover time [15;
2]. A disadwantageof theseapproachess that they only
representunimodaldistributions, which is insufcient for
very noisy sensolinformation. Furthermoreat verticesof
theVoronoigraph beliefdistributionsareclearlynot Gaus-
sian and we suspecthat even mixtures of Gaussiansre
not well suitedto representvery uncertaindistributionson
Voronoi graphs. We recentlyapplied our techniquesuc-
cessfullyto the task of learningthe motion patternsof a
personusingdatacollectedby a GPSsenso 11]. For ex-
ample,the approachis ableto learnwherea persontypi-
cally getson or off abus.

Despitethesevery encouragingresults, there are still
warrantsfor future research.First, we will collect long-
term datafrom peopleworking in the ervironment. This
datawill be usedto estimatethe parametersf the model
for eachperson.Long-termdatalogswill allow usto deter
mine whetherthe modelis ableto detectdifferentmotion
patterndor thedifferentpeople.Sofar, our Voronoimodel
only capturesrst-order transitions. This canonly be the

rst steptowardshigh-level patternlearning.For example,
mostnavigationpatternglependnthetime of dayandthe

(potentially far away) goal of the personand not only on

the previous position. We intendto extend our technique
to hierarchicaldynamicBayesiametworks(DBN) [7]. We

expectthesenetworks to be able to useinformation pro-

vided by the Voronoigraphto learnlong term actiities at

higherlevelsof the hierarchy

Despitetheselimitations, we believe that this is a rst
steptowardsunsupervisetearningof behaior patterns.
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