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Abstract—
In this paper, we describea method for real-time tracking of ob-

jectswith multiple laser range-finderscovering a workspacein a par-
allel and distributed fashion. Tracking peopleis a popular problem
in machinevision. Here we adapt the methodsusedin vision to pla-
nar laser scanners. We group range measurementsinto entities lik e
blobsand objects.With the help of a Kalman Filter (KF), the tracker
smoothsobject pathsand estimatesits path evenwhenthe underlying
object is occludedfr om all the lasers.Wefinally evaluatethe tracker’s
performancethr ough four experiments.

Keywords—Kalman filter, Laser, Human Tracking, OcclusionRea-
soning,Map Building, Human Interactions.

I . INTRODUCTION

Trackingpeople,for surveillance,crowdcontrol,activity
recognitionandcharacterizationis a well studiedproblem
in machinevision e.g., [22]. Our attemptto track people
is inspiredby the needin humanoidroboticsto perceive,
imitateandreactto humanbeings.Wepresentamethodof
trackingobjectsusingscanninglaserrangefinders- a type
of sensorrapidly gaining popularity in mobile robotics.
Earlierwork onmotiontrackingfor crowdedenvironments
usingscanninglaserrangefindersby Prassleret.al. [13]
useoccupancy gridsandlinearextrapolationof occupancy
mapsto estimatetrajectories.Our methodsinvolve theuse
of multiple lasersdistributedin theenvironmentsupported
andtheuseof advancedtrajectoryestimationalgorithms.

In this paper, we discussa real-timemethodof laser-
basedtrackingof objectsasasteptowardsthelargergoalof
identifyingpeopleandtheir activities. We demonstratethe
useof a standardoff-the-shelflaserrange-finderasan ef-
ficient sensorfor trackingmultiple objectsin a workspace.
Existing commerciallaser-basedtrackersservo on the lo-
cationof theobjectbeingtrackedusingasinglelaserbeam
[1]. They areusuallyexpensive,cannothandleocclusions,
andimposelimitationson theaccelerationandvelocity of
theobjectbeingtracked.

Lasersensingdiffers significantly from vision in ways
thatcanbeexploited for tracking. In vision, variableslike
color, intensity, depth(if binocular)areavailable. In con-
trast,lasersarerestrictedto a1D projectionof eventsin one
planeof theobservablespace.Most of theusefulinforma-
tion for trackingis in just oneparameter- therangeto the
nearestobstacleon small intervalsover anarc. The range
measurementsare,however, of highaccuracy, especiallyin

comparisonwith other rangesensors,suchas ultrasound
or infra red. Thus, lasersare rapidly gaining popularity
for mobileroboticapplicationssuchascollisionavoidance,
navigationandlocalization[9],[24], andmapbuilding[28],
[14] whereprecisemeasurementsof distancehave to be
madequickly.

In thispaperweshow thatlasersarehighly effectivein a
problemdomainwherevision hassofar dominated.Com-
paredto vision, laserdataaresparsebut moreaccurateand
efficient,asmuchlessprocessingis required.Sincelasers
rangingis basedonmeasurementsperformedon laserlight
reflectedfrom target objects,they are not very sensitive
to noisefrom naturalsourceslike ambientlight as in the
caseof vision andrequirealmostno calibration. Further-
more,they have significantrange,capableof coveringen-
tire roomsor corridors,and are thus ideal candidatesto
addressthe trackingproblem. As with other line-of-sight
devices,lasersaresensitive to occlusions.

We studythe problemof trackingmultiple moving ob-
jectsin a workspacecoveredby multiple lasers.We draw
from vision-basedapproachesto estimatemotion recur-
sively from subsequentscansof thelaser. We useaversion
of theconstraintformulationfor rigid bodies[23], [26] and
an abstractrepresentationof objectsfor tracking. We as-
sociatea KalmanFilter (KF) with eachobjectto alleviate
the consequencesof occlusionsandto smooththe effects
of sensornoise.

Weperformfour experimentsto measuretheaccuracy in
positioningof the tracker. The first experimentcompares
thescatterin positionestimatesof largeobjectsin compar-
isonwith a beaconof known diameter. Thesecondshows
that the tracker is stableand that no errorsdevelop over
time. To quantizethedynamicperformanceof thetracker,
we measurethe residualof the KF in estimatingthe posi-
tion of objects.A fourth experimentexhibits thecapability
of thetracker to accuratelyestimatetheobjectcountin the
room.

I I . APPROACH

A. Overview

Figure1 illustratestheoverallstructureof thealgorithm.
Thelaserreturnsrangemeasurementsto thenearestobsta-
cle in polarcoordinates.Fromthisweconstructamodelof
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Fig. 1. Background Filter: Laserdatais first filtered to remove back-
groundreadings.Foreground Match and Locate: blobsin eachscanare
matchedwith blobsfrom thepreviousscan.Update: Theerror in match
is convertedto a correctionin stateestimate. Predict: Positionof the
blob in thenext scanis predicted.Note: Thereareasmany instancesof
the Predict-Locate-Updateloop asthereareblobs,but thereis only one
instanceof theBackgroundFilter andtheForegroundMatcher

the processthat generatesthe rangereadings.The model
consistsof two parts:theBackgroundModelandtheFore-
ground Model. The BackgroundModel is usedto filter
backgroundinformationthatis not of immediaterelevance
to tracking.TheForegroundModel is usedto predictrange
measurementsthat are not explainedby the Background
Model. Theforegroundmaintainsanestimateof theveloc-
ity of eachobject it tracks. The calculationsin the Fore-
groundmodelinvolvetheperditionof rangereadingsusing
thevelocityandinformationfrom thepreviousscan,aswell
asre-estimationof thevelocity. Repeatingthisprocessover
a sequenceof scansenablesus to estimatetrajectoriesof
moving objects.Next, we verballydescribetheapproach,
thengo into theformaldetails.

We aggregatemeasurementsthatcouldpotentiallyform
acontinuoussurfacein theforegroundinto “blobs.” At the
endof eachscan,the ForegroundModel consistsof two
setsof blobs - one from the previous scanand the other
from the currentscan. Eachblob in the currentscanis
matchedor associatedwith oneor moreblobsfrom thepre-
viousscan.Blobsaremodeledasrigid bodiesmoving in a
plane.Theirvelocitiesarestoredin astatevector. Thestate
vectorassociatedwith a blob in a scanis a linearcombina-
tion of thestatesfrom all matchingblobsfrom theprevious
scan.After thecompletionof ascan,theerrorin prediction
of the Foregroundreadingsis usedto correctthe stateof
theblob.

Everyobjectmanifestsitself asasetof blobs.Groupsof
blobsrepresentingthe sameobject (suchas the armsand
the torsoof a moving human)tendto staytogether. Such
groupsareparsedinto a higherlevel entity calledan “ob-
ject” which is trackedby an ObjectTracker. ObjectTrack-
ershavea longtermexistenceandtheirpurposeis twofold.
They smoothestimatedtrajectoriesof theobjectsandpre-

dict the path of the underlyingobject throughtemporary
completeocclusions- whereno lasercanseetheobject.

B. BackgroundModel

Backgroundmodelsusedin mostvisionapplicationsuti-
lize pixel-level statistics[18], [22]. Eachnew pixel valueis
classifiedasthebackgroundor a moving object.We mod-
ify this schemein classificationusinglasers.SinceLaser
rangemeasurementgivesustherangeto anobject,we can
usea modifiedrule for theclassificationof foregroundand
background.We assumethatthefarthestknown stationary
object is part of the background.In orderto be robust to
small errors,we alsomaintainthe meanandthe variance
of themeasurementsthatareclassifiedasbackgroundand
usethe informationto testthehypothesisthatany reading
is partof thebackground

Any measurementsthatcannotbeclassifiedastheback-
groundaretreatedasfollows:� If the range measurementis greaterthan the current
backgroundbut below theerrorthreshold,themeasurement
is consideredpartof anew background.� Objectsthat are in front of the currentbackgroundare
processedaspartof theforeground.� Any readinggreaterthan8m is assumedto be an error
(seeSection[II-D]); readingsabove this thresholdareig-
nored.

C. ForegroundModel

Many methodsexist for determiningstructureof objects
independentof motion [21], structurefrom motion [16],
[20], and motion of a known structure[27], [10], [11].
Koller [17] hasdescribeda methodof trackingobjectsus-
ing a templateof theobject.We usea methodof recursive
estimationof motionusinga linearmodel.Effectively, our
templateof the object for any given scanis given by the
previousscan.

The tracking processis divided into two subtasks:1)
tracking blobs and 2) groupingsurfacesinto objects. A
BlobTracker trackstheblobs,andanObjectTracker groups
blobs into objectsand estimatespathsof objects in the
workspace. The ObjectTracker is discussedfurther in
SectionII-C.2.

C.1 Blobs

Formally, we definea Blob as a groupingof adjacent
foregroundreadingsfrom the laser that appearto be on
a continuoussurface. The setof measurementsthat form
thiscontinuoussurfaceconstitutethesignatureof theblob.
Sincethelaseris obliviousto thecomponentof motionper-
pendicularto the planeof scanof the laser, we do not at-
temptto modelmotionor changesalongthis directioni.e.
we only considerplanarmotion. Within reasonablemar-
gins, humanbeingstendto stay in a planeparallel to the
groundin a planarworkspaceat about the height of the
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Fig. 2. Considera singleblob belongingto gen-x. Theboundingbox is
first expandedto correctfor possibleerrors. Blobs C1, C2, andC3 are
gen-yblobs.Only blobsC1andC2 areconsideredfor amatch.Of these,
C1 is stronglylinkedto thegen-xblob,andC2 is weaklylikedto it.

waist - this is the planewe choseto observe activity in.
In our experiments,we assumethatmeasurementsthatare
spatiallyseparatedby lessthan10cmbelongto the same
blob.

TheForegroundmodelcontainstwo generationsof blobs
at any given instant: 1) gen-x, the old blobsand2) gen-
y, the new blobs. To correct the stateestimateof every
blob, we needto matchblobsin gen-xwith thosein gen-
y. To reducethesearchspacein matchingblobs,we draw
a rectangularboundingbox aroundany blob. Basedon a
boundon averageaccelerationof �����
	��
� (about1g) and
thetime interval betweenscansof about0.2s,we estimate
themaximumerrorin thepredictionof thestateto beabout
50mm. We expandthe boundingbox in all directionsby
thisamountandsearchfor matchesbetweenthesignatures
of a blob in gen-xanda blob in gen-yonly if an overlap
exists betweenthe expandedboundingbox of gen-x and
thesimpleboundingbox of gen-y. Within a blob, a match
is saidto exist betweentwo pointsif thedistancebetween
themis lessthan50mm.We attemptto pair every point in
gen-ywith twopointsin gen-xthatmatchandhavethemin-
imum distanceto the new point. We usethesetwo points
for a linearapproximationof thesurfaceof theblob. This
conceptis alongthelinesof thechamfermethodsuggested
in [4] andis illustratedin Figure2. We usea linearmodel
to predict the stateof the blob. Newly discoveredgen-y
blobs inherit their statevectorasa linear combinationof
the predictedstatevectorsfrom the matchedgen-xblobs.
The weightingof eachof the gen-xblobs in determining
thestateof thegen-yblobsis givenby thenumberof point
matchesbetweentheblobs:

��������� � ��� ��� �
� � � ��� � (1)

where � ��� � is the numberof point matchesbetweenblob
x of gen-x and blob y of gen-y. Blobs that do not have
any parentsareinitiatedwith astatevectorof � . Thegen-x
blobsareremovedandthecurrentgen-yblobsbecomethe
gen-xblobsfor thenext scan.

We usea rigid body modelwith the signaturefrom the
previous scanand a velocity stateestimatedfrom earlier
scansto predictthemeasurementsfrom thenext scan.The
matchedblob’s signatureis also usedto updateits rota-
tional andrectilinearvelocities.For a blob with � points,
thespacewhichrepresentstheblobwouldhave ��� dimen-
sions.However, a rigid bodymoving in a planehasonly 3
degreesof freedomcorrespondingto thestatevector.

Themethodof subspacefilteringaspresentedin [23], [?]
requiresone-to-onecorrespondencesbetweenfeatures.It is
noteasyto find correspondencesin themeasurementsfrom
the laser. In the lasersensorspace,our strengthis in the
ability to determinetherangereadingaccurately- sowetry
to fit depthmaps. Weapproximatethesurfaceof objectsto
a sequenceof linesconnectingpredictionsof thesignature
of a blob. Eachnew ����� measurement "! � #%$'&�( #%$'& = )+*-,/.102,�3
ispairedwith thetwo closestadjacent4 and4156� predictions 87 � #%$'&�( # and  87 $'&�� #%$'&�( # basedonthepreviousobservations.
We measurethe distancefrom a line joining  87 � #9$:&�( # and 87 $'&�� #9$:&�( # andthepoint  "! � #9$:&�( #%$'& asa measureof theer-
ror in ourpredictionof thepoint. We thusattemptto fit the
new point to alinearapproximationto theprevioussurface.
This error is summedover all pointsin thenew surfaceto
obtaina metric that measuresthe performanceof the pre-
diction.

As mentionedearlier, eachnew point )+*<;=.>0�;?3 is paired
with exactly two predictedpoints - here they are repre-
sentedby  87 � #%$'&�( # = )�@ � .>@ � 3 and  87 $'&�� #%$'&�( # = )BA � .CA � 3 . For
smallerrors,thedistanceD ; of agenericpoint )+* ; .>0 ; 3 from
theline passingthroughand E and F .

G *<; � @ �IH A � (2)G 0�; � @ � H A � (3)

J=K�LNM ; �
G 0�;G * ; (4)

O* ; � @ � 5PA �� (5)

O0�; � @ � 5PA �
� (6)

DQ; � )�0�; H O0�;B3SRUTWV M ; H )�*<; H O*<;X3-V>Y LNM ; (7)

To determinetheimpactof errorsin theestimateof theve-
locity of theblob,we determinethis distanceasa function
of thesesmall errorsin the velocities

G6Z � , G6Z � and
G\[

.
The predictedsurfaceis shown hereas a function of the
original surfaceandtheparameters.

O* ;'] O* ; 5 G^Z ��_ H 0 G^[ _ (8)O0�; ] O0�;`5 G6Z � _ 5a* G^[ _ (9)M ;'] M ; 5 G^[ _ (10)



4Substitutingtheseinto equation7, weget

Db; � _ V>Y LcM ;>) G6Z � 3 H _ RUTWV M ;=) G6Z � 3
H _ )�* ; RUTWV M ; 5a0 ; V1Y LNM ; 3U) G^[ 3
5d)�0 ; H O0 ; 3SRUTWV M ; H )�* ; H O* ; 3-V>Y LNM ;

(11)

Thisequationis in theform:

D ; �fe D ;
e Z �

G^Z � 5 e D ;
e Z �

G^Z � 5 e D ;
e [

G^[ 5hg ; (12)

�ji
,
e Db;
e � ,

G � ,k5lg ; (13)

We now formulatea sum of squareserror metric m �
� ; D^�; . We determinethe best correction that can be
applied to our estimateof the state. Since the error is
quadratic,theexactsolution

G ��n, is givenby:

Gpo n � Hbq
r &2s (14)

where:

q !Xt � i
;
e D ;
e � ,

e D ;
e ��u (15)

v , � H i ;
e D ;
e � , g ; (16)

C.2 Objects

Objectsmap to multiple blobs in our scheme.For ex-
ample,the handsandthe torsomay form differentblobs.
Theseareunified into oneperceptof anobjectby theOb-
jecTraker. Intille et al [25] describeheuristicmethodsto
explain thescenesdescribedby blobtrackersin anine-step
procedurewhich includesthe idea of objects. Although
our algorithmis basedon someof theseprinciples,theac-
curacy of rangemeasurementschangesour approach.For
example,we do not needto distinguishbetweenblobsthat
occupy the samespace,sincewe canidentify themeasily
by usingour2D positioningaccuracy.

Eachblob inherits its ObjectTracker from its parentin
the previous generation. When two blobs form the par-
entof a blob, theclosestObjectTracker is associatedwith
the new blob. Blobs that appearspontaneouslywithin a
prescribedradiusof any ObjectTrackerareassociatedwith
it. Wheneverno known ObjectTracker is sufficiently close
to a new blob, a new ObjectTracker is constructedfor the
blob. Onceinstantiated,ObjectTrackersareallowedto per-
sistuntil supportingblobsarenotvisiblefor over5 seconds
- anempiricallydeterminedthreshold.

Whenobjectsmoveoutof theplaneof thelaser, theOb-
jectTracker is left with no blobs to supportit. The Ob-
jectTracker continuesscanningfor objectsthat canbe de-
scribedby it with lesserror thanby others. The time up-
datestepsareperformedon the stateduring theocclusion

assuggestedin [12], [22]. So,whentheobjectreappears,
theObjectTrackerbecomesactiveagainasif theobjecthad
never disappeared.In this way, we cancontinueto track
objectsthroughtemporaryocclusions.

The tracker we implementedwas designedto work in
real time. To do this we mademodificationsto reducethe
processingtimeof thealgorithmby eliminatingprocessing
stepsthat doesnot contribute to the trackingtask. To ex-
tract the rigid body motion componentof the movement,
mostof the stateinformationcanbe obtainedfrom a few
laserreadingsfrom the blob. We useat most five read-
ingsfrom eachblob. Whenever thedelayin processingex-
ceededa certainthreshold,we skippedprocessingframes
to speedup the processing.With thesemodifications,we
couldtrackup to 20objectssimultaneouslywithoutsignif-
icantdegradationof performance.

D. SensorErrors

While lasersarevery accuratein general,they do return
erroneousreadingsoccasionally. Theseerrorscanbebetter
understoodby consideringthephysicalprinciplesinvolved.
The laserscannerusesthe time betweenthe transmission
andthereceptionof thereflectionof thepulseto determine
therangeto theobservedobject.Somesurfaces,including
very darkobjects,do not reflectenoughlaserlight backto
the receiver to be visible. Sometimes,the angleof inci-
denceof thelaserona surfaceis highenoughfor thebeam
to bereflectedaway in aspecularfashion.Finally, thelaser
may not perceive anything within its range. In all these
situations,the laserreportsa rangeabove 8m andconse-
quentlywe cannot distinguishbetweenthem. We handle
sucherrorsby ignoringmeasurementsabove8m.

Other sourcesof error arisefrom our modelingof the
process. The laserscansprovide an estimateof the sur-
faceof the object being tracked. Sincethe object is not
rigid (peopleare not), we can expect the predictionsof
the signatureof the object to be inaccurate.For simplic-
ity, we thresholdthedistancefrom a predictedscanto the
actualscanto matchobjectsin subsequentscans.Increas-
ing this thresholdwould result in more frequentmatches
which might be inaccurate.On theotherhand,decreasing
it might leadto lost objects.

I I I . EXPERIMENTAL PROCEDURE

Our experimentswere basedon real laser scan se-
quences.In this Sectionwe reportour observationsfrom
experimentsconductedon dataobtainedin our lab. We
usedPlayer[8], a serverandprotocolthatconnectsrobots,
sensorsandcontrol programsacrossthe network to com-
municatewith our laserrange-finders.Thelatestversionof
thissoftwarecanbefoundat [19].

We usedstandardSICK planar scanninglaser range-
findersplaced�Swyx�z H �Sw {���� abovegroundlevel, targeting
thewaistheightof anaveragewalking person.This is the



5crosssectionwhich movesleast.Moreover, rarelydo peo-
ple moveout of this plane.For example,a personwho sits
wouldstill bevisible albeitat shoulderheight.

We performed four sets of experiments to measure
the performanceof the tracker. Threeexperimentswere
performedon the tracker to measurethe accuracy with
which the tracker estimatesthe position of objects in
the workspaceand one experimentwas usedto measure
the accuracy in estimatingthe numberof objectsin the
workspace.

A. ApparatusandMethods

We madetwo setsof measurementsin eachexperiment
set.Thefirstmeasurement- thegroundtruth- wasrecorded
usingacameraandpostanalyzedby ahumanoperator. The
secondwasthe output from the tracker. The experiments
wereperformedwith multiple lasersin a singleroom. Our
choiceof a singleroomasopposedto multiple roomswas
madeto make themeasurementof groundtrutheasier.

B. Experiment1: PositioningAccuracy

Thetracker maintainedthepositionestimatesof objects
beingtracked.We performedthefollowing two teststo de-
terminethe accuracy of this estimate. The first set used
laserbeaconswhich arewell behavedi.e stationaryandof
smalldiameterandestimateapoint closely. Thiswasdone
to measurethe performanceof the tracker in the absence
of any noisearisingout of factorslike the shape,sizeand
movementof humanbeings.Thesecondsetwasperformed
with humansubjects.Thegoalhereis to measuretheper-
formanceof thetracker in thepresenceof suchnoise.

B.1 Methods

Weobtainedtwomeasurementsof positionfor eachsam-
ple point: onein the laserframeof referencean the other
in the visual frameof reference(henceforthframeof ref-
erenceis abbreviatedto frame). Figure3 shows the room
usedin the experiment. In order to get measurementsin
thevisual frame,we positionedbeaconsat cornersof 2’ x
2’ floor tiles. A secondsetof measurementsof the posi-
tionsof thebeaconwasmadein thereferenceframeof the
laser.

WedeterminedthetransformationT from thelaserframe
to thevisualframewhichminimizedthemeansquareddis-
tancebetweenlaserbeaconssensedin thevisualframeand
the transformedlaserframe. This transformationis used
subsequentlyto mapthepositionof any objectin thelaser
frameto thecorrespondingpoint in thevisualframe.

Thebeaconpositionsareshown in Figure4. Theerroror
positionalinaccuracy cannow beplottedasasetof 2D dis-
placementsfrom thepositionmeasuredin thevisualframe
to thepositionmeasuredin thetransformedlaserframe.In
the ideal caseof zeroerror, thesevectorswould all be lo-
catedat theorigin. This plot is shown in Figure6.

Fig. 3. Exp 3: An imageof theroomusedin theexperiments.

−1.5 −1 −0.5 0 0.5 1 1.5 2 2.5 3 3.5
−0.5

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

x (m)−>

y 
(m

)−
>

Fig. 4. Experiment 1: The positionsof the beaconsin the room. The
diamondsshow thelocationof thebeaconin thelaserframeandthecircles
in thevisualframe.Correspondencesareconnectedwith a line. Thetwo
lasersaremarked with a “*” andthe arrow shows the directionthe laser
scannersface.
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Fig.5. Experiment 1: Eachpointrepresentsthedisplacementrequiredto
mapthemeasurementof thebeaconin thelaserframeto thevisualframe.
Thiseffectively shows theerrorvectorfor positionestimatesmadeby the
tracker.
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Fig.6. Experiment 1: Theplot shown in Figure6 is repeatedwith people
in this figureto show thechangein thescatterdistribution. Notice that it
is now of theorderof thecrosssectionof ahumantorso.

We performeda secondsetof measurementsof people
standingon tile corners. For this set, the subjectsmoved
betweentile cornersandwaitedfor abouta secondat each
position.This wasdoneto make it easyto find correspon-
dencesbetweenpositionsin thevisual frameandthe laser
frame.

We usedthetransformationT determinedusingthebea-
consto measuretheerrorin positionestimatemeasuredby
thelaserfor thehumanmovementdata.Thescatterplot for
this setof measurements,shown in Figure??, shows that
theerroris now of theorderof thecrosssectionof ahuman
torso:about0.3m.

C. Drift in Tracking

We performedthe following experimentto determineif
any systematicerror developedover time in the position
measurements.

C.1 Methods

We performeda setof measurementsalongthe linesof
the secondtest in Experiment1 for a durationof 20 min-
utes within the specifiedworkspace. At least 40 corre-
spondencesbetweenthe laserandthe visual frameswere
recordedstartingatevery5 minuteinterval. Wesuperposed
thepathsfollowedby apersonin thevisualframewith that
in thelaserframeFigure7 andplottedthepositionalerror
asafunctionof timein Figure8.Thefiguresshow thatthere
is nonoticeabledrift or systematicincreaseRMSerrorover
thisperiod.

D. Experiment3: DynamicPerformance

To measuretheperformanceof theKF in estimatingthe
stateof the object, we developedan error metric which
measuresthe error in predictingthe trajectoryof the ob-
ject. We definedtwo quantitiesfor every object -

G}|~ # :
theobservedchangein thepositionand

G��~ # : thepredicted
changein the positionat time _ . We now definethe error
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Fig. 7. Experiment 2: Pathsin thelaserframe(dottedlines)superposed
with pathsin thevisualframe(solid lines).
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Fig. 8. Experiment 2: The magnitudeof the error is shown hereasa
functionof time for individual measurements.Thesemeasurementswere
madeat 40 pointsseparatedby 5 minutes.No pointswereplottedwhere
measurementswerenot made. The figure shows that the drift doesnot
increasesignificantlyovera20minuteperiod.

metric:

��� � ����i
�+� ���

G}|~ # H G��~ # � � (17)

��� is called the residualand is a measureof the instan-
taneousuncertaintyor variancein the error of the posi-
tion estimateof the blob. The variancewas in the range� H z�gU���2	�� . As expected,it was larger for objectsthat
move aroundlike peopleandsmallerfor objectsthat are
stationary.

E. Experiment4: Trackednumberof objects

Weperformedthefollowingexperimentto determinethe
accuracy of the laserin determiningthenumberof people
in theroom.

E.1 Methods

We ran the tracker on a scriptedplay 9 which involved
normallyobservedactivities in the room suchaswalking,



7time action
0.00 Startof program- with A atStationA
1:33 A movesfully (initialization)
1:40 B walksinto theroom,goesto StationB, andsitsdown
1:56 A getsupandwalksover to StationB to talk to B
2:15 C walksin for acupof coffeeto thecoffeetable
2:25 C walksbackoutwith cup
2:40 D walksin andshakeshandswith A
2:49 D pullsupachairnext to StationA andsitsdown
2:58 A goesto StationA andsitsdown to talk
... ...

7.03 A walksto oneof themovedchairs
7.10 B walksin towardstheprinter
7.12 A andB crosspaths
7.15 A bendsbelow thelaser’s range
7.19 A getsbackin therange
7.27 A walksbackto StationA

Fig. 9. Experiment 4: Excerptsfrom thescriptusedin thetest.
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Fig. 10. Experiment 4: The test shows the accuracy in tracking the
numberof objectsin theroom. Thestarsrepresentthenumberof objects
asmeasuredby the cameraandthe solid line the numbertracked by the
tracker.

talking,discussions,andpathcrossings.
Thetrackercanonly seeor trackobjectsthathavemoved

andit cannot differentiatebetweenpeopleandobjects.So
we use the visual ground truth measurementto find the
numberof objectsthat have moved. Figure10 shows the
numberof objectsthat have moved as measuredby the
trackercomparedwith thevisualmeasurements.

E.2 Results

The errors in estimatingthe numberof objectsin the
room were analyzedwith the aid of the script and the
video. ObjectTrackers are designedto track objectsthat
have moved once. Consequentlychairs appearsponta-
neouslynearpreviously existing objects(people). While
thetracker retainsseparateidentitiesfor peopleandchairs,
whenpeopleare sitting on chairs, it becomesdifficult at
times as when the chair is temporarilyoccluded,to con-
tinue to distinguishbetweenthe chair and the person. In
thesecases,the tracker underestimatesthe numberof ob-
jectsin theroom.Thisphenomenonoccurredbetween220
and270secsin theFigure10. On theotherhand,thenum-
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Fig. 11. Scripted Test: Shows the pathsof peoplein a room in the
scriptedtestfor Experiment4.

berof objectsin theroomis overestimatedwhenthey move
very fastor whenthey jump andthe KF is unableto keep
up. This sometimesresultsin temporaryobjectsand is
manifestedin spikesin Figure10 at about150s,220s,and
290s.Occasionally, thenewly spuriousobjectbecomesthe
parentof a stableblob. Whenthis happensthe numberof
objectsis overestimatedfor anextendedperiodof time like
between170sand200s.

IV. DISCUSSION

In this paperwe have introduceda novel laser-based
tracking approach. Our methodexploits the advantages
of laserswhile overcomingsomeof the shortcomingsof
vision like processingrequirements. Lasersprovide a
“gist” of the scenein a plane very accurately. Unlike
vision, where multiple camerasare required to cover a
scene,asinglelasercaneffectivelycoverareasonablylarge
workspace. Owing to the sparseand accuratenatureof
laserdata,they areeasierandcomputationallycheaperto
handle. However, it is difficult to obtaina setof features
that uniquelydistinguishoneobject from anotherin laser
data.Occlusionsarethegreatestproblem;while it is pos-
sible estimatethe identitiesof objectsthat have beenoc-
cluded,basedon thevelocityandpositionat thebeginning
of occlusion,it is difficult to distinguishbetweenthempos-
itively. Figure11showsthepathsof peoplefor thescripted
testusedin experiment4. Thecorrespondingimageof the
workspaceis shown in Figure3.

Our trackingalgorithmis computationallylight-weight;
it worksin realtimeonanIBM 600eThink-padwith 64MB
RAM anda 300MHz P-II processorwith 2 lasersandup
to 10 objects. We have alsocollectedextensive datawith



8a 900MHz P-III with 128MB RAM using up to 6 lasers
coveringtwo rooms.

Using lasershasits drawbacks.Lasersareoblivious to
objectsoutsidetheir planeof scan,thusmakingit difficult
to perceive detailsof activity. It is possibleto usemulti-
ple lasersin differentplanesto build up a 3-D representa-
tion of thescene.Multiple laserscanalsobeusedin large
workspaceswith a vastnumbersof people,whereocclu-
sionsprohibit effective tracking. Unfortunately, asa prac-
tical matter, lasersarecurrentlyexpensive relative to cam-
eras.

A. Applications

Gait recognitionandactionmodelingareamongthe in-
terestingapplicationsof trackers that can storeand pro-
cessentity-specificinformation.BreglerandBrand[7], [5],
[6] usemotion captureto recordjoint orientationdatafor
movementanalysis. Onecould modify theseto uselaser
datato determinepatternsin themovementin a planepos-
sibly to identify thetaskbeingperformedor evento iden-
tify characteristicsof theperson.

Microsoft’s researchon EasyLiving Technologies[15],
[3] is a commercializationof this technology which
requires locating and tracking individuals in a closed
workspace.They usethis informationto guessthe intent
of the userandhelp in automatingsomeof the mundane
taskslikeswitchingappliancesonin thepresenceof auser,
settingparameterslike thetemperaturein a workspaceau-
tomaticallyor even logging on automaticallyin the pres-
enceof a user.

Roboticsecuritydevices[2] needto identify moving ob-
jectsandpossiblydetermineany helpful informationabout
them. Onefeaturewould beto find out thenumberof ob-
jects,if theobjectis anintruder, andif soto determinehis
physicalcharacteristics.Thesefeaturescanpotentiallybe
determinedby usinga lasertracker.

In this tracking application, we have filtered out the
background.However, we couldinsteadfilter out thefore-
ground. Moving the laserwould thenprovide us with an
estimateof the velocity of the sensor. We have usedthe
KF to estimatea differential state. We could insteaduse
the KF to estimatethe displacementdirectly. This would
be applicableto laser-basedmapbuilding, navigation and
localizationassuggestedin [14], [9], [24].

V. CONCLUSION

We have arguedthat lasersare an effective sensorfor
object and peopletracking. We have evaluatedthe per-
formanceof our KF to show its effectivenessin tracking
objectsbehindocclusions.We havealsodevelopeda com-
putationallyefficientalgorithmfor multipleobjecttracking
andvalidatedit in a laboratoryworkspace.

In our continuingwork, we arescalingup thepresented
approachto track large groupsof interactinghumansin

complex environmentswith multiple lasers.We have used
attributesthat canbe measuredfrom laserdatato qualify
objectsandshown how this canbeuseful.
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