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Abstract
Tracking the activity of peoplein indoor environments

hasgainedconsiderableattentionin the roboticscommu-
nity over the last years. Most of the existing approaches
arebasedon sensorswhich allow to accuratelydetermine
thelocationsof peoplebut do not providemeansto distin-
guishbetweendifferentpersons.In this paperwe propose
anovelapproachto trackingmovingobjectsandtheir iden-
tity usingnoisy, sparseinformationcollectedby id-sensors
suchas infraredandultrasoundbadgesystems.The key
idea of our approachis to useparticle �lters to estimate
the locationsof peopleon the Voronoi graphof the envi-
ronment.By restrictingparticlesto a graph,we make use
of the inherentstructureof indoor environments.The ap-
proachhastwo key advantages.First, it is by farmoreef�-
cientandrobustthanunconstrainedparticle�lters. Second,
the Voronoi graphprovidesa naturaldiscretizationof hu-
manmotion,which allows usto applyunsupervisedlearn-
ing techniquesto derivetypicalmotionpatternsof thepeo-
ple in theenvironment. Experimentsusinga robot to col-
lect ground-truthdataindicatethesuperiorperformanceof
Voronoi tracking. Furthermore,we demonstratethat EM-
basedlearningof behavior patternsincreasesthe tracking
performanceandprovidesvaluableinformation 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 robots to better
interactwith people,as statedin [1]. Most existing ap-
proachesto peopletrackingrely on laserrange-�nders[5;
1; 13] or cameras[9]. A key advantageof thesesensorsis
their locationaccuracy. Unfortunately, they donot provide
informationaboutthe identity of people. Recently, espe-
cially theubiquitouscomputingcommunityhasstartedto
equip indoor environmentswith networks of sensorsthat
arecapableof providing informationaboutaperson'sloca-
tion andidentity [8]. Suchsensors,however, have thedis-
advantagethat they provideonly relatively coarselocation
information. In additionto beingcorruptedby noise,such
sensorsprovidemeasurementsat low frameratesonly.

Even thoughid-sensorsdo not allow accurateposition
estimation,they can be usedto keeptrack of a person's
location at a more abstractlevel suchas which room or

hallwaysheis in. Suchdiscrete,abstractlocationinforma-
tion additionallyprovidesanidealrepresentationfor learn-
ing patternsin a person's long term behavior. In contrast,
patterndiscovery in continuousspacetrajectoriesoftenre-
quiressupervisedlearningmethods[1].

Basedon theseobservations,we introducea novel ap-
proachto estimatingthe locationsof peopleusingsparse
and noisy sensordatacollectedby 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.TheestimatedtrajectoriesontheVoronoigraph
help us to bridgethe gapbetweencontinuoussensordata
and discrete,abstractmodelsof humanmotion behavior.
In contrastto existing localizationapproachesusing dis-
crete,abstractrepresentations[14;3], ourmethodprovides
accurateestimatesalongthecontinuousedgesof thegraph.
Weintroduceatwo-level approachin whichaparticle�lter
usesa switchingstatespacemodelfor humanmotion,and
the Voronoi graphguidesthe particlesthroughthe high-
level transitionmodelof thegraphstructure.We addition-
ally show how to apply EM to learn typical motion pat-
ternsof humansin acompletelyunsupervisedmanner. The
transitionprobabilitieslearnedfrom realdatasigni�cantly
increasethe trackingquality of theapproach.Our experi-
mentsshow thattrackingontheVoronoigraphsigni�cantly
outperformsparticle�lters in theunconstrainedstatespace
(arbitrarypositionandorientation).

This paperis organizedasfollows. In thenext section,
we will derive Voronoi trackingstartingfrom the general
Bayes�lter . Then,in Section3, we show how to learnthe
parametersof the trackingmodelusingexpectationmax-
imization. Beforeconcludingin Section5, we show ex-
perimentalresultssupportingthe superiorperformanceof
Voronoitracking.

2 Voronoi Tracking
We de�ne a Voronoi graph
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of directededges��� . Figure1(a)
shows the Voronoi graphrepresentingthe Intel Research
Lab Seattle,our indoortestingenvironment.Notethatthis
graphresultsfrom manualpruningof theoriginal Voronoi
graph[3] andthatfor clarity only theundirectedversionof
thegraphis shown.

In the following we phrasethe problemof locationes-
timation on Voronoi graphsasa specialcaseof Bayesian
�ltering, on which virtually all probabilisticlocationesti-
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Figure 1: Voronoigraphsfor locationestimation:(a) Indoorenvironmentalongwith manuallyprunedVoronoigraph.Shownarealsothe
positionsof ultrasoundCrickets(circles)andinfraredsensors (squares).(b) Patchesusedto computelikelihoodsof sensormeasurements.
Each patch representslocationsover which thelikelihoodsof sensormeasurementsare averaged. (c) Likelihoodof anultra-soundcricket
reading(upper)andan infrared badge systemmeasurement(lower). While theultra-soundsensorprovidesroughdistanceinformation,
theIR sensoronly reportsthepresenceof a personin a circular area. (d) CorrespondinglikelihoodprojectedontotheVoronoigraph.

mationapproachesarebased.We will startby describing
generalBayes�lters for thefull continuousstatespace,and
wewill thenshow how to projectthedifferentquantitiesof
the Bayes�lter onto the topologicalstructurerepresented
in a Voronoigraph.

2.1 BayesianFiltering on a Voronoi Graph
Bayes�lters estimateposteriordistributionsover thestate

��� of a dynamicalsystemconditionedon all sensorinfor-
mationcollectedsofar:
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Here #�$&%

� is thehistoryof all sensormeasurementsobtained
up to time ' . In thecontext of locationestimation,thestate
typically describesthe positionandvelocity of the object
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Let us now describehow to implement the recursive
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, where � de-
notesthe currentedgeon the graph,
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tanceof the object from the start vertex of edge � , and
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moving; indicatesthecurrentmotionstate
of theobject.A straightforwardimplementationof theob-
servation model for Voronoi graphswould be to simply
computethelikelihoodof observationsfor positionson the
graph. However, this is not a valid approachsinceit does
not considerthefactthattheVoronoigraphprojectsthe3d
statespaceonto the one-dimensionalgraph
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� on the graph,we have to integrateover all 3d positions
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Here,F
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denotesthesetof all positionsD projectedonto
� . In thelimit, F
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arethestateson theline from � to the
closestobjectsde�ning the Voronoi graph. In our imple-
mentationof the sensormodel,we discretizepositionson

thegraph,which resultsin locationpatchesF

�

�

�

, asillus-
tratedin Figure1(b)–(d).
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hasto take into account
that the objectsare constrainedto moving on the graph.
Here, we adopta switching statemodel approachbased
on the assumptionthat objectseither do not move at all
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 governedby aGaussianprocesswith mean
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� computesthe distanceto the end
of edge� � plus thedistance

3

� on thenext edge.For clar-
ity, we restrictthede�nition to thecaseof motionbetween
neighboringedges� � and � � , but it caneasilybeextended
to thegeneralcaseof multi-edgemotionsteps.

To computetheprobabilityof motion from oneedgeto
another, we assumethat the Voronoi graph is annotated
with transitionprobabilities -
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, which describethe
probabilitythattheobjecttransitsto node�

� giventhatthe
previous nodewas � � and an edgetransitiontook place.
Without prior knowledge, this probability is distributed
uniformly overall neighboringedgesof �

� . Combiningthis
graphtransitionmodelwith thesingleedgemotionmodel

1While thismodelmightseemtoosimplistic,ourexperiments
indicatethatit yieldsgoodresultsandtheextensionto morecom-
plex motionmodelsis possible.



givenin (3), wegetthemodelfor motionon thegraph:
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This �nalizes our descriptionof how generalstatespace
Bayes�lters canbeprojectedontoVoronoigraphs.In the
next sectionwewill describehow to implementthisgraph-
basedmodelusingparticle�lters.

2.2 Particle Filter BasedImplementation
Particle �lters provide a sample-basedimplementationof
generalBayes�lters [6; 4]. Thekey ideaof particle�lters
is to representposteriorsover thestate � � by sets �

� of �

weightedsamples:
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non-negativenumericalfactorscalledimportanceweights,
which sumup to one. Justlike Kalman�lters, particle�l-
tersapplytherecursiveBayes�lter updateto estimatepos-
teriorsover thestatespace.Thebasicform of theparticle
�lter updatestheposterioraccordingto thefollowing sam-
pling procedure,oftenreferredto assequentialimportance
samplingwith re-sampling(SISR,seealso[4]):
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Each iteration of thesethreestepsgeneratesa sample

drawn from the posteriordensity. After � iterations,the
importanceweightsof thesamplesarenormalizedso that
they sumupto 1. It canbeshown thatthisprocedurein fact
approximatesthe Bayes�lter update(1), usinga sample-
basedrepresentation[4].

The applicationof particle�lters to locationestimation
on a Voronoi graphis ratherstraightforward. The resam-
pling stepdoesnot have to be changedat all. Sampling
themotionupdatehasto bedoneaccordingto (3)–(5). To
do so, recall that the state �

�10

$ containsthe position on
thegraphalongwith themotionstate
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$ . After thesesamplingsteps,theresulting
statesaredistributedaccordingto -

�

� � . � �10

$

�

. The im-
portancesamplingstepof theparticle�lter is implemented
by weightingeachsampleproportionalto theprojectedob-
servationlikelihoodasgivenin (2).

To summarize,we describedhow to performrecursive
Bayesian�ltering by projecting the generalBayes�lter
onto Voronoi graphs,followed by a sample-basedimple-
mentation. In the next section,we will describehow to
learnthemotionpatternsof individualpeople.

3 Parameter Learning
Oneof the key applicationsof graph-basedlocationesti-
mation is the collection of long-termdataso as to learn
behavior modelsof individual people. Learningparame-
ters for a speci�c personnot only increasesthe accuracy
of tracking,but alsoallows usto understanddifferentmo-
tion patternsfor different people. As a �rst step in this
direction,we will now describehow to learnthe parame-
tersof ourVoronoimodelusingdatacollectedby anobject
moving throughtheenvironment.Theparameters� of the
modelconsistof thetransitionprobabilitieson theVoronoi
graph,-

�

� �
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, the switchingparametersof the motion
model,-
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, andtheGaussianmotionparameters
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.2 To learntheseparametersfrom data,we needan
estimateof the robot's locationat eachpoint in time. Un-
fortunately, thesepositionsarenot directly observablebut
have to be estimatedfrom the sensordata. To solve this
problem,weapplytheEM (Expectation-Maximization)al-
gorithm [12], which is the mostwidely usedapproachto
solving learningproblemswith missingfeatures. EM is
an iterative algorithmwhich hasan E-stepandan M-step
at eachiteration. In a nutshell,eachE-stepestimatesthe
trajectoryof the personthroughthe environment. This is
doneusing the Voronoi trackingapproachalongwith the
modelparameterslearnedin thepreviousiterationof EM.
Theparticletrajectoriesof theE-stepareusedto generate
countsfor transitionson thegraph.Thesetransitioncounts
arethenusedin theM-stepto updatethemodelparameters.

3.1 E-Step:
In theE-step,we updatetheposteriordistribution over the
trajectoriesof the personandcomputethe expectationof
thelog-likelihood(see[12;10] for details).We de�ne:
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Here �

$&%

� and #
$4%

� are the sequencesof statesandobser-
vations,respectively. � aretheparametersof theVoronoi
graph-basedmodelwewantto estimateand �
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arethe
estimationthereofat the �
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-th iterationof the EM al-
gorithm. Thedif�culty hereis to estimatethesecondterm

2Wedonot learntheobservationlikelihood(2), sinceit canbe
extracteddirectly from thegeneralmodelof thesensors.



of (7), which is theposteriordistribution over statetrajec-
tories �

$4%

� given observations #2$4%
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. To estimatethesetrajectories,we do particle �l-
tering using the motion and graphtransitionmodel with
parameter�
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. Smoothingof thetrajectoriesis doneby
performingaforwardandabackward�ltering passthrough
the data. Thenwe multiply the countsresultingfrom the
two distributionsat correspondingtime slices,which cor-
respondsto the Baum-Welch algorithm widely usedfor
Hidden Markov Models [12]. The resulting estimateis
a sample-basedapproximationfor -
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More speci�cally, (7) is approximatedby
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where
5

is thenumberof particlesand �
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$4%

� is thestatehis-
tory of the � -th particle,estimatedusingthedata.For sim-
plicity, we assumethatall theparticleshave equalweight,
i.e. afterthey areresampled.It is straightforwardto extend
ourderivationto thecaseof differentweights.

Knowing thestateof theparticlesat thedifferentpoints
in time, it is straightforwardto extract informationneeded
for theM-step.Thegraphtransitionparameters-
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canbe estimatedby countingthenumberof particlesthat
move from oneedge � � to anotheredge � � . To generate
suchcounts,we discretizetime into intervalsof equalsize
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' andsumthenumberof transitionsduringeachinterval.
Weadditionallygeneratecountsfor
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, thenumberof
particleson edge� � thatswitch from onemotionstate
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�

into anotherothermotionstate
5

� . Thereasonfor learning
differentswitchingmodelsfor eachedgeis that we want
to be ableto determinewherea persontypically stopsfor
extendedperiodsof time. To estimatethe parametersof
the Gaussianmotion model,we storethe velocitiesof all
samplesthatarein the“moving” state.Thegenerationof
countsturnsout to be very ef�cient sinceat eachtime we
only needto save theaggregateinformationfor eachedge,
not for eachparticle.

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

5

is largeenough,MonteCarloEM estimationconverges
to thetheoreticalEM estimation[10].

3.2 M-step:
Thegoalof theM-stepis to maximizetheexpectationwe
computedin theE-stepby updatingtheparameterestima-
tions.From(8), we have:

�

?

�

B

��

������
��

�

� �

�

�

�

?

�

0

$

B

�

��

������
��

�

�

�

��� $

�����

-

�

#�$&%

�

�

�

?

�

B

$&%

�

.

�

�

��

������
��

�

�

�

��� $

� � � �

-

�

#
$4%

��.��

?

�

B

$4%

�

�

f

� � �

-

�

�

?

�

B

$&%

�

.

�

� �

(9)

0 2 4 6 8 10 12

Distance (m)

p(
z 

| d
is

ta
nc

e)

Versus infrared sensor
Cricket ultrasound sensor

Figure 2: Sensormodel of ultrasoundcrickets and infrared
badge system.The � -axisrepresentsthedistancefromthedetect-
ing infraredsensorandultrasoundsensor(4multrasoundsensor
reading),respectively. The � -axisgivesthelikelihoodfor thedif-
ferentdistancesfromthesensor.
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Here,(9) follows from theindependencecondition-
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, i.e. observationsareindependent
of model parametersif the statetrajectoryis known. To
maximizetheparameterset � , theM-stepessentiallycon-
vertsthefrequency countsobtainedin theE-stepinto prob-
abilities.Theparametersof theGaussianmotionmodelare
themeanandvarianceof thevelocityvalues.

To summarize,EM iteratesbetweenanexpectationstep,
which estimatesthe trajectoryof thepersonusingparticle
�ltering forwardsandbackwardsthroughthedataset.The
trajectoriesareusedto countthetransitionsof particleson
the Voronoi graph,the switchingbetweenmotion modes,
andthevelocitiesof particles.Thesevaluesarethencon-
vertedinto probabilitiesduring the M-step,which gener-
atesa new model estimate. The updatedmodel is then
usedin thenext iterationto re-estimatethetrajectoryof the
person. For the �rst E-step,we initialize

*

?�� B

with some
reasonablevaluesusingbackgroundknowledgeof typical
humanmotionanda uniform distribution for theoutgoing
edgesat eachvertex of the Voronoigraph. The algorithm
stopsif �
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�

B

and �
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�

0

$

B

arecloseenough.

4 Experiments
Weevaluatedtheperformanceof theVoronoitracking(VT)
approachbasedon datarecordedat theIntel ResearchLab
Seattle(Figure3). Theof�ce environmentis equippedwith
two different kinds of id sensors:73 Versusinfrared re-
ceiverswhich provide informationaboutthepresenceof a
personin the vicinity of a sensor, andthreeCricket ultra-
soundreceivers,which provide identity anddistanceesti-
mates(see[8] andreferencestherein). Figure2 shows a
modelof theuncertaintyof thetwo sensortypes.Bothsen-
sorssuffer from a high probability of false-negative 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 �lter s. (d) Motion modellearnedusingEM. Thearrowsindicate
thosetransitionsfor which theprobability is above 0.65. Placeswith high stoppingprobabilitiesare representedby disks. Thicker arcs
andbigger disksindicatehigherprobabilities.
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Figure 4: Localizationerror for differentnumbers of samples.

To generatedatafor which groundtruth is available,we
equippedamobilerobotwith two Versusbadges,aCricket
beacon,and additionally with a Sick laser range-�nder.
Our experimentis basedon a 35-minute-longlog of sen-
sormeasurementsreceivedwhile driving therobotthrough
theenvironment. The robot movedat an averagevelocity
of 30 cm/sandwasstoppedat designatedrestingplaces.
Thelaserrange-�nderallowedusto accuratelyestimatethe
pathof therobotusingthemapshown in Figure1(a).

As aninitial test,wedeterminedtheaveragelocalization
error whenusingun-trainedVT (seevideo) vs. a particle
�lter (PF)representinglocationsin thecompletefreespace
of the environment. The resultingerror on the complete
log was �

� ���

m for VT and
� �����

m for PF. This resultis ex-
tremely encouragingsinceit indicatesthat the projection
onto theVoronoi graphdoesnot only result in a goodap-
proximationof thePF, but yields betterperformancethan
the PF. Figure 3(b) and (c) show typical maximumlike-
lihood trajectoriesusingVT andPF, respectively 3. The
graphsclearlydemonstratethesuperiorperformanceof the
VT technique4. We also comparedthe tracking perfor-

3Thesepathsweregeneratedfrom the trajectory(history) of
themostlikely particleat theendof therun. For clarity, only part
of thetrajectoryis shown

4Pleasevisit www.cs.washington.edu/homes/liaolin
/Research/voronoi tracking.htmlfor videoson using both tech-
niques.

mancefor differentsamplesetsizes.Theresultsaregiven
in Figure4. It becomesclearthatVT makesvery ef�cient
useof particlesandit is ableto trackwell usingonly 200
particles.

Next, we evaluatedthelearningperformanceof VT. We
split thecompletedatalog into a trainingsetof 25minutes
anda testsetof 10 minutes.We trainedtheVT modelus-
ing theEM algorithmdescribedin Section3 onthetraining
setanddeterminedthetrackingerroron thetestdatausing
themotionmodellearnedat eachiteration.Theresultsare
summarizedin Table1.

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

EM Iteration Avg. Tracking ErrorReduction
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%

Table1: Evolutionof testerror duringEM learning.

erationsof EM, and using the learnedmodel increases
the tracking accuracy signi�cantly. This shows that the
Voronoi graph is able to extract the correct motion pat-
ternsfrom thetrainingdata.This fact is supportedby Fig-
ure3(d),whichvisualizesthemotionmodellearnedafter5
iterations.Themodelcorrectlyre�ects thepathandresting
locationsof therobot.

5 Conclusionsand Future Work
We have presenteda novel approachto trackingthe loca-
tion of peoplein indoor environments. The techniqueis
ableto robustlyestimateaperson's locationevenwhenus-
ing only sparse,noisy informationprovidedby id-sensors.
Thekey ideaof ourapproachis to useaparticle�lter thatis
projectedontoaVoronoigraphof theenvironment.There-
sultingmodelis a two-level technique,where,onthelower
level, the particle �lter estimatesthe location of people
alongthecontinuousedgesof thegraph.At thenext level,
the particlesgeneratetransitionson the discreteVoronoi



graph. Thesetwo levelsarehighly connected,sincetran-
sitionson theVoronoigraphhelp to predictthemotionof
particlesthroughthe graphstructure. On the otherhand,
particlemotionhelpstoestimateandlearnthediscretetran-
sition model of the graph. Learningis achieved by EM,
whichconcurrentlyestimatesthemodelparametersatboth
levels.

Usingdatacollectedby a mobilerobot,we demonstrate
that our approachhastwo key advantages.First, it is by
far moreef�cient androbustthanparticle�lters which es-
timatethelocationof peoplein thecompletefreespaceof
anenvironment.Second,theVoronoigraphprovidesanat-
ural discretizationof humanmotion, which allows us to
learntypical motionpatternsusingexpectationmaximiza-
tion. We show thattheEM-basedlearningof behavior pat-
ternsindeedincreasestheperformanceof theapproach.

The work presentedhere is relatedto tracking a per-
son's or vehicle's locationusingoutdoorGPSdata. Most
stateof the art GPStracking systemsproject GPSread-
ings onto graph-basedmapsdescribingstreets,walkways
etc. Recently, severalresearcherssuggestedusingKalman
�lters to integrate GPS sensorreadingsover time [15;
2]. A disadvantageof theseapproachesis that they only
representunimodaldistributions,which is insuf�cient for
very noisysensorinformation. Furthermore,at verticesof
theVoronoigraph,beliefdistributionsareclearlynotGaus-
sian and we suspectthat even mixturesof Gaussiansare
not well suitedto representvery uncertaindistributionson
Voronoi graphs. We recentlyappliedour techniquesuc-
cessfullyto the task of learningthe motion patternsof a
personusingdatacollectedby a GPSsensor[11]. For ex-
ample,the approachis ableto learnwherea persontypi-
cally getsonor off abus.

Despitethesevery encouragingresults, there are still
warrantsfor future research.First, we will collect long-
term datafrom peopleworking in the environment. This
datawill be usedto estimatethe parametersof the model
for eachperson.Long-termdatalogswill allow usto deter-
mine whetherthemodelis ableto detectdifferentmotion
patternsfor thedifferentpeople.Sofar, ourVoronoimodel
only captures�rst-order transitions.This canonly be the
�rst steptowardshigh-level patternlearning.For example,
mostnavigationpatternsdependonthetimeof dayandthe
(potentially far away) goal of the personandnot only on
the previous position. We intendto extendour technique
to hierarchicaldynamicBayesiannetworks(DBN) [7]. We
expect thesenetworks to be able to useinformation pro-
videdby theVoronoigraphto learnlong termactivities at
higherlevelsof thehierarchy.

Despitetheselimitations, we believe that this is a �rst
steptowardsunsupervisedlearningof behavior patterns.
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