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Abstract—

In this paper, we describea method for real-time tracking of ob-
jectswith multiple laserrange-finderscovering a workspacein a par-
allel and distrib uted fashion. Tracking peopleis a popular problem
in machinevision. Here we adapt the methodsusedin vision to pla-
nar laser scanners. We group range measuementsinto entities like
blobs and objects. With the help of a Kalman Filter (KF), the tracker
smoothsobject paths and estimatesits path evenwhenthe underlying
objectis occludedfromall the lasers.Wefinally evaluatethe tracker’s
performancethrough four experiments.

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

I. INTRODUCTION

Trackingpeople for suneillance crowd control,actiity
recognitionandcharacterizatioris a well studiedproblem
in machinevision e.g.,[22]. Our attemptto track people
is inspiredby the needin humanoidroboticsto perceve,
imitateandreactto humanbeings.We presenta methodof
trackingobjectsusingscanningaserrangefinders- atype
of sensorrapidly gaining popularity in mobile robotics.
Earlierwork on motiontrackingfor crowdedervironments
using scanninglaserrangefindersby Prassleret.al. [13]
useoccupany gridsandlinear extrapolationof occupanyg
mapsto estimatdrajectories Our methodsnvolve theuse
of multiple laserddistributedin the ervironmentsupported
andtheuseof advancedrajectoryestimationalgorithms.

In this paper we discussa real-time methodof laser
basedrackingof objectsasasteptowardsthelargergoalof
identifying peopleandtheir actiities. We demonstrat¢he
useof a standardoff-the-shelflaserrange-findeas an ef-
ficient sensoffor trackingmultiple objectsin aworkspace.
Existing commerciallaserbasedtrackersseno on the lo-
cationof theobjectbeingtrackedusingasinglelaserbeam
[1]. They areusuallyexpensie, cannothandleocclusions,
andimposelimitations on the acceleratiorandvelocity of
the objectbeingtracked.

Lasersensingdiffers significantly from vision in ways
thatcanbe exploitedfor tracking. In vision, variableslik e
color, intensity depth(if binocular)areavailable. In con-
trast,lasersarerestrictedo a 1D projectionof eventsin one
planeof the obsenablespace Most of the usefulinforma-
tion for trackingis in just oneparameter the rangeto the
nearesbbstacleon smallintervals over anarc. The range
measurementsre, however, of highaccurag, especiallyin

comparisonwith otherrangesensorssuchas ultrasound
or infra red. Thus, lasersare rapidly gaining popularity
for mobileroboticapplicationsuchascollisionavoidance,
navigationandlocalization[9],[24], andmapbuilding[28],

[14] where precisemeasurementsf distancehave to be

madequickly.

In this papemwe show thatlasersarehighly effectivein a
problemdomainwherevision hassofar dominated.Com-
paredto vision, laserdataaresparseout moreaccurateand
efficient,asmuchlessprocessings required.Sincelasers
rangingis basedn measurementserformedon laserlight
reflectedfrom target objects, they are not very sensitve
to noisefrom naturalsourcedike ambientlight asin the
caseof vision andrequirealmostno calibration. Further
more,they have significantrange,capableof coveringen-
tire roomsor corridors, and are thus ideal candidatego
addresghe tracking problem. As with otherline-of-sight
devices,lasersaresensitve to occlusions.

We studythe problemof tracking multiple moving ob-
jectsin aworkspacecoveredby multiple lasers.We draw
from vision-basedapproachego estimatemotion recur
sively from subsequertcansof thelaser We useaversion
of theconstrainformulationfor rigid bodieg[23], [26] and
an abstractrepresentatiomf objectsfor tracking. We as-
sociatea KalmanFilter (KF) with eachobjectto alleviate
the consequencesf occlusionsandto smooththe effects
of sensomoise.

We performfour experimentso measurg¢heaccurag in
positioningof the tracker. The first experimentcompares
thescattelin positionestimate®f largeobjectsin compar
isonwith a beaconof known diameter The secondshowns
that the tracker is stableand that no errorsdevelop over
time. To quantizethe dynamicperformancef thetracler,
we measurdhe residualof the KF in estimatingthe posi-
tion of objects.A fourth experimentexhibits the capability
of thetrackerto accuratelyestimatethe objectcountin the
room.

Il. APPROACH

A. Overviav

Figurel illustratestheoverall structureof thealgorithm.
Thelaserreturnsrangemeasurement® the nearesbbsta-
clein polarcoordinatesFromthis we constructa modelof
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Fig. 1. Background Filter: Laserdatais first filtered to remove back-
groundreadings Foreground Match and Locate: blobsin eachscanare
matchedwith blobsfrom the previous scan.Update: The errorin match
is corvertedto a correctionin stateestimate. Predict: Positionof the
blob in the next scanis predicted.Note: Thereareasmary instanceof
the Predict-Locate-Updatmop asthereareblobs, but thereis only one
instanceof the Backgroundrilter andthe ForegroundMatcher

the procesghat generateshe rangereadings. The model
consistf two parts:the BadkgroundModelandthe Fore-
ground Model The BackgroundModel is usedto filter
backgroundnformationthatis not of immediaterelevance
to tracking. The ForegroundModelis usedto predictrange
measurementthat are not explained by the Background
Model. Theforegroundmaintainsanestimateof theveloc-
ity of eachobjectit tracks. The calculationsin the Fore-
groundmodelinvolve the perditionof rangereadingsusing
thevelocityandinformationfrom thepreviousscanaswell
asre-estimatiorof thevelocity. Repeatinghis procesover
a sequencef scansenablesus to estimatetrajectoriesof
moving objects. Next, we verbally describethe approach,
thengointo theformal details.

We aggreyatemeasurementhat could potentiallyform
acontinuoussurfacein theforegroundinto “blobs. At the
end of eachscan,the Foreground Model consistsof two
setsof blobs- one from the previous scanand the other
from the currentscan. Eachblob in the currentscanis
matchedr associatedvith oneor moreblobsfrom thepre-
viousscan.Blobsaremodeledasrigid bodiesmoving in a
plane.Theirvelocitiesarestoredn astatevector Thestate
vectorassociateavith ablobin ascanis alinearcombina-
tion of thestatefrom all matchingblobsfrom the previous
scan.After thecompletionof ascantheerrorin prediction
of the Foreggroundreadingsis usedto correctthe stateof
theblob.

Every objectmanifeststself asa setof blobs. Groupsof
blobsrepresentinghe sameobject (suchasthe armsand
thetorsoof a moving human)tendto staytogether Such
groupsare parsednto a higherlevel entity calledan “ob-
ject” which is tracked by an ObjectTadker. ObjectTrack-
ershave alongtermexistenceandtheir purposés twofold.
They smoothestimatedrajectoriesof the objectsandpre-

dict the path of the underlying objectthroughtempora?y
completeocclusions whereno lasercanseethe object.

B. BadgroundModel

Backgroundnodelsusedin mostvisionapplicationsuti-
lize pixel-level statisticd18], [22]. Eachnew pixel valueis
classifiedasthe backgroundbr a moving object. We mod-
ify this schemdn classificationusinglasers. SinceLaser
rangemeasuremergivesustherangeto anobject,we can
usea modifiedrule for the classificatiorof foregroundand
backgroundWe assumehatthe farthesknown stationary
objectis part of the background.In orderto be robustto
small errors,we also maintainthe meanandthe variance
of the measurementthat are classifiedasbackgroundand
usetheinformationto testthe hypothesighatary reading
is partof the background

Any measurementhatcannotbe classifiedasthe back-
groundaretreatedasfollows:

« If the range measuremenis greaterthan the current
backgroundut below theerrorthresholdthemeasurement
is consideregartof anew background.

« Objectsthatarein front of the currentbackgroundare
processeaspartof theforeground.

« Any readinggreaterthan8m is assumedo be an error
(seeSection[lI-D]); readingsabove this thresholdareig-
nored.

C. ForegroundModel

Many methodsexist for determiningstructureof objects
independenbf motion [21], structurefrom motion [16],
[20], and motion of a known structure[27], [10], [11].
Koller [17] hasdescribeca methodof trackingobjectsus-
ing atemplateof the object. We usea methodof recursve
estimationof motionusinga linearmodel. Effectively, our
templateof the objectfor ary given scanis given by the
previousscan.

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

C.1 Blobs

Formally, we definea Blob as a grouping of adjacent
foregroundreadingsfrom the laserthat appearto be on
a continuoussurface. The setof measurementthat form
this continuoussurfaceconstitutethe signatue of the blob.
Sincethelaseris obliviousto thecomponenbf motionper
pendicularto the planeof scanof the laser we do not at-
temptto modelmotion or changeslongthis directioni.e.
we only considerplanarmotion. Within reasonablenar
gins, humanbeingstendto stayin a planeparallelto the
groundin a planarworkspaceat aboutthe height of the
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Fig. 2. Considera singleblob belongingto gen-x. The boundingbox is

first expandedto correctfor possibleerrors. Blobs C1, C2, andC3 are
gen-yblobs.Only blobsC1 andC2 areconsideredor amatch.Of these,
C1lis stronglylinkedto the gen-xblob,andC2is weaklylikedto it.

waist - this is the planewe choseto obsene actvity in.
In our experimentswe assumehatmeasurementhatare
spatially separatedy lessthan 10cmbelongto the same
blob.

TheForegroundmodelcontaingwo generationsf blobs
at ary giveninstant: 1) gen-x the old blobsand2) gen-
y, the new blobs. To correctthe stateestimateof every
blob, we needto matchblobsin gen-xwith thosein gen-
y. To reducethe searchspacen matchingblobs,we draw
a rectangulatoundingbox aroundary blob. Basedon a
boundon averageacceleratiorof 10m/s* (aboutlg) and
thetime interval betweerscansf about0.2s,we estimate
themaximumerrorin the predictionof thestateto beabout
50mm. We expandthe boundingbox in all directionsby
thisamountandsearchor matchedetweerthe signatures
of a blob in gen-xanda blob in gen-yonly if anoverlap
exists betweenthe expandedboundingbox of gen-xand
the simpleboundingbox of gen-y Within a blob, a match
is saidto exist betweentwo pointsif the distancebetween
themis lessthan50mm. We attemptto pair every pointin
gen-ywith two pointsin gen-xthatmatchandhavethemin-
imum distanceto the new point. We usethesetwo points
for alinearapproximationof the surfaceof the blob. This
concepis alongthelinesof thechamfermethodsuggested
in [4] andis illustratedin Figure2. We usea linear model
to predictthe stateof the blob. Newly discoveredgen-y
blobsinherit their statevectoras a linear combinationof
the predictedstatevectorsfrom the matchedgen-xblobs.
The weighting of eachof the gen-xblobsin determining
the stateof the gen-yblobsis givenby the numberof point
matchedetweertheblobs:

g = Sz ele ®
Y Zq: m$7y

wherem, , is the numberof point matchesbetweerblob
x of gen-xandblob y of gen-y Blobs that do not have
ary parentsareinitiatedwith a statevectorof 0. Thegen-x
blobsareremovedandthe currentgen-yblobsbecomethe
gen-xblobsfor the next scan.

We usearigid body modelwith the signaturefrom thd
previous scanand a velocity stateestimatedfrom earlier
scango predictthe measurementsom the next scan.The
matchedblob’s signatureis also usedto updateits rota-
tional andrectilinearvelocities. For a blob with N points,
thespacewhichrepresentthe blobwould have 2NV dimen-
sions.However, arigid body moving in a planehasonly 3
degreesof freedomcorrespondingdo the statevector

Themethodof subspacéiltering aspresentedh [23], [?]
requiresone-to-oneorrespondencdmetweerfeatureslt is
noteasyto find correspondenceas themeasurementsom
thelaser In the lasersensorspace,our strengthis in the
ability to determingherangereadingaccurately sowetry
tofit depthmaps. We approximatehesurfaceof objectsto
asequencef linesconnectingpredictionsof the signature
of ablob. Eachnew jt" measurement; ¢ 1¢41=(z;,;)
is pairedwith thetwo closestdjacent andi+1 predictions
X ¢+1/t @ANdx;1 1 ¢41)¢ Dasednthepreviousobsenrations.
We measurehe distancefrom aline joining x; ¢ 1¢ and
Xit1,t4+1)¢ andthepointx; ¢, 1j¢41 asameasuref theer
ror in our predictionof the point. We thusattemptto fit the
new pointto alinearapproximatiorto theprevioussurface.
This erroris summedover all pointsin the new surfaceto
obtaina metric that measureshe performanceof the pre-
diction.

As mentionedearlier eachnew point (z;,y;) is paired
with exactly two predictedpoints - herethey are repre-
sentedby X; ¢11t=(az,ay) aNdXiyq ¢41)6=(bz, by). FOr
smallerrors thedistance®; of agenerigpoint (z;, y;) from
theline passinghroughanda andb.

Az; = ay — b, 2
Ay; = Ay — by (3)
Awy;
tan 6; = Ai: 4)
___ay+b,
i = 9 (5)
__ay+b
yi= ~—+ 5 ¢ (6)
E; = (y,' — :lj,) cos; — (.CL'Z — .ZTZ) sin 6; (7)

To determingheimpactof errorsin the estimateof theve-
locity of the blob, we determinethis distanceasa function
of thesesmall errorsin the velocitiesAv,, Av, and Aw.
The predictedsurfaceis shovn hereasa function of the
original surfaceandthe parameters.

T; = T + Avgt — yAwt (8)
Ui = Yi + Avyt + zAwt 9)
0; = 0; + Awt (10)



Substitutingtheseinto equation’, we get

E; = tsinf;(Avg) — t cos 0;(Avy)
— t(x; cos 0; + y; sin ;) (Aw) (12)
+ (y; — 9s) cos 0; — (m; — ;) sin 6;

This equationis in theform:

OFE; OFE; OFE;
E; = BTA% + 6—%Avy + 6—wAw +¢; (12)
= Z Aq] + ¢; (13)

We now formulate a sum of squareserror metric M =
>, E?. We determinethe best correctionthat can be
appliedto our estimateof the state. Sincethe error is
quadratictheexactsolutionAgj is givenby:

Aq* =—-A"1d (14)
where:
OF; OE;

A = 15
K Z aq]- 6% (15)
16
Z 3% (19

C.2 Objects

Objectsmapto multiple blobsin our scheme. For ex-
ample,the handsandthe torso may form differentblobs.
Theseareunifiedinto oneperceptof an objectby the Ob-
jecTraker. Intille et al [25] describeheuristicmethodsto
explainthesceneslescribedy blobtrackersin anine-step
procedurewhich includesthe idea of objects. Although
our algorithmis basedon someof theseprinciples,the ac-
curagy of rangemeasurementshangeour approach.For
example,we do not needto distinguishbetweerblobsthat
occupy the samespace sincewe canidentify themeasily
by usingour 2D positioningaccurag.

Eachblob inheritsits ObjectTracker from its parentin
the previous generation. When two blobs form the par
entof a blob, the closestObjectTracker is associatedvith
the new blob. Blobs that appearspontaneouslyvithin a
prescribedadiusof any ObjectTracker areassociatedvith
it. Wheneer no known ObjectTracleris sufiiciently close
to a new blob, a new ObjectTracker is constructedor the
blob. OnceinstantiatedDbjectTrackersareallowedto per
sistuntil supportingblobsarenotvisible for over5 seconds
- anempiricallydeterminedhreshold.

Whenobjectsmove out of the planeof thelaser the Ob-
jectTracker is left with no blobsto supportit. The Ob-
jectTracker continuesscanningfor objectsthatcanbe de-
scribedby it with lesserror thanby others. The time up-
datestepsare performedon the stateduring the occlusion

assuggestedhn [12], [22]. So,whenthe objectreappea?s,
theObjectTrackerbecomesctive againasif theobjecthad
never disappearedlIn this way, we cancontinueto track
objectsthroughtemporaryocclusions.

The tracker we implementedwas designedto work in
realtime. To do this we mademodificationsto reducethe
processingime of thealgorithmby eliminatingprocessing
stepsthat doesnot contribute to the trackingtask. To ex-
tract the rigid body motion componenif the movement,
mostof the stateinformation canbe obtainedfrom a few
laserreadingsfrom the blob. We use at mostfive read-
ingsfrom eachblob. Wheneerthedelayin processingx-
ceededa certainthreshold,we skippedprocessingrames
to speedup the processing.With thesemodifications,we
couldtrackupto 20 objectssimultaneouslyvithout signif-
icantdegradationof performance.

D. SensolErrors

While lasersarevery accuratén generalthey doreturn
erroneouseadingoccasionally Theseerrorscanbebetter
understoodby consideringhephysicalprinciplesinvolved.
The laserscannemusesthe time betweenthe transmission
andthereceptionof thereflectionof the pulseto determine
therangeto the obsenedobject. Somesurfacesjncluding
very darkobjects,do not reflectenoughlaserlight backto
the recever to be visible. Sometimesthe angleof inci-
denceof thelaseron a surfaceis high enoughfor thebeam
to bereflectedaway in aspeculafashion.Finally, thelaser
may not perceve arything within its range. In all these
situations,the laserreportsa rangeabose 8m and conse-
quentlywe cannot distinguishbetweenthem. We handle
sucherrorsby ignoringmeasuremenigbose 8m.

Other sourcesof error arise from our modelingof the
process. The laserscansprovide an estimateof the sur
faceof the objectbeingtracked. Sincethe objectis not
rigid (peopleare not), we can expect the predictionsof
the signatureof the objectto be inaccurate. For simplic-
ity, we thresholdthe distancefrom a predictedscanto the
actualscanto matchobjectsin subsequergcans.Increas-
ing this thresholdwould resultin more frequentmatches
which might be inaccurate.On the otherhand,decreasing
it mightleadto lost objects.

I1l. EXPERIMENTAL PROCEDURE

Our experimentswere basedon real laser scan se-
guences.In this Sectionwe reportour obsenationsfrom
experimentsconductedon dataobtainedin our lab. We
usedPlayer[8], asenerandprotocolthatconnectsobots,
sensorsand control programsacrossthe network to com-
municatewith ourlaserrange-findersThelatestversionof
this softwarecanbefoundat[19].

We usedstandardSICK planar scanninglaser range-
findersplaced0.75 — 0.80m above groundlevel, targeting
the waist heightof an averagewalking person.This is the



crosssectionwhich movesleast. Moreover, rarely do peo-
ple move out of this plane.For example,a personwho sits
would still bevisible albeitat shoulderheight.

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

A. ApparatusandMethods

We madetwo setsof measurements eachexperiment
set. Thefirst measurementthegroundtruth - wasrecorded
usingacameraandpostanalyzedy ahumanoperator The
secondwasthe outputfrom the tracker. The experiments
wereperformedwith multiple lasersin a singleroom. Our
choiceof a singleroomasopposedo multiple roomswas
madeto make themeasuremendf groundtruth easier

B. Experimentl: PositioningAccuracy

Thetracker maintainedhe positionestimate®f objects
beingtracked. We performedhefollowing two teststo de-
terminethe accurag of this estimate. The first setused
laserbeaconsvhich arewell behavedi.e stationaryandof
smalldiameterandestimatea point closely Thiswasdone
to measurehe performanceof the tracker in the absence
of ary noisearisingout of factorslike the shape sizeand
movemenif humanbeings.Thesecondsetwasperformed
with humansubjects.The goalhereis to measurehe per
formanceof thetrackerin the presencef suchnoise.

B.1 Methods

We obtainedwo measurementsf positionfor eachsam-
ple point: onein the laserframe of referenceanthe other
in the visual frame of referencghenceforthframe of ref-
erenceis abbreviatedto frame). Figure 3 shows the room
usedin the experiment. In orderto get measurements
thevisual frame, we positionedbeaconst cornersof 2’ x
2’ floor tiles. A secondsetof measurementsf the posi-
tionsof the beacorwasmadein the referencdrameof the
laser

WedeterminedhetransformatiorT fromthelaserframe
to thevisualframewhich minimizedthemeansquaredlis-
tancebetweerlaserbeaconsensedn thevisualframeand
the transformedaserframe. This transformations used
subsequentlyo mapthe positionof any objectin thelaser
frameto thecorrespondingpointin thevisualframe.

Thebeacorpositionsareshovnin Figure4. Theerroror
positionalinaccurag cannow beplottedasa setof 2D dis-
placement$rom the positionmeasuredn thevisualframe
to the positionmeasuredn thetransformedaserframe.In
the ideal caseof zeroerror, thesevectorswould all be lo-
catedattheorigin. This plotis shovn in Figure®6.

Fig. 3. Exp 3: An imageof theroomusedin the experiments.
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Fig. 4. Experiment 1: The positionsof the beaconsn the room. The
diamondsshaw thelocationof thebeacorin thelaserframeandthecircles
in thevisualframe. Correspondencesreconnectedvith aline. The two
lasersaremarked with a“*” andthe arrov shavs the directionthe laser
scannergace.

y error (m)->
o
T
o]
I

-0. ‘25 f0‘2 -0. ‘15 ,0‘1 -0. 1‘35 l‘) 0. 1‘35 D‘l 0. ‘15 0‘2 0. ‘25
X error (m)—>

Fig.5. Experiment 1: Eachpointrepresentthedisplacementequiredto

mapthemeasuremerdf thebeacorin thelaserframeto thevisualframe.

This effectively shavs the errorvectorfor positionestimatesnadeby the

tracler.
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Fig.6. Experiment 1: Theplotshavn in Figure6 is repeatedvith people
in this figureto shav the changen the scatterdistribution. Notice thatit
is now of theorderof the crosssectionof a humantorso.

We performeda secondsetof measurementsf people
standingon tile corners. For this set, the subjectsmoved
betweertile cornersandwaitedfor abouta secondat each
position. This wasdoneto make it easyto find correspon-
dencesetweerpositionsin the visualframeandthe laser
frame.

We usedthetransformationT determinedisingthebea-
consto measureheerrorin positionestimateneasuredy
thelaserfor thehumanmovemenidata. Thescattemplot for
this setof measurementshavn in Figure ??, shows that
theerroris now of theorderof thecrosssectionof ahuman
torso:about0.3m.

C. Dirift in Tracking

We performedthe following experimentto determinef
ary systematicerror developedover time in the position
measurements.

C.1 Methods

We performeda setof measurementslongthelines of
the secondtestin Experimentl for a durationof 20 min-
uteswithin the specifiedworkspace. At least40 corre-
spondencebetweenthe laserandthe visual frameswere
recordedstartingatevery 5 minuteinterval. We superposed
thepathsfollowedby a persorin thevisualframewith that
in the laserframeFigure 7 andplottedthe positionalerror
asafunctionof timein Figure8.Thefiguresshav thatthere
is nonoticeabldrift or systematiégncreaseRMS errorover
this period.

D. ExperimenB: DynamicPerformance

To measurdhe performancef the KF in estimatingthe
stateof the object, we developedan error metric which
measureghe error in predictingthe trajectoryof the ob-
ject. We definedtwo quantitiesfor every object- Ac;:
theobsenedchangen the positionandAéy: thepredicted
changein the positionat time ¢. We now definethe error

05 L L L L L L L L ,
15 -1 -0.5 o 05 1 15 2 25 3 35

Fig. 7. Experiment 2: Pathsin the laserframe (dottedlines) superposed
with pathsin thevisualframe(solid lines).
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Fig. 8. Experiment 2: The magnitudeof the erroris shovn hereasa
functionof time for individual measurements hesemeasurementsere
madeat 40 pointsseparatetby 5 minutes.No pointswereplottedwhere
measurement&ere not made. The figure shavs that the drift doesnot
increasesignificantlyover a 20 minuteperiod.

metric:
1 T
_ Z - A |2
€1 = T £ |Act — Act| (17)

€1 Is called the residualand is a measureof the instan-
taneousuncertaintyor variancein the error of the posi-
tion estimateof the blob. The variancewasin the range
1 — 5em?/s. As expected,it was larger for objectsthat
move aroundlike peopleand smallerfor objectsthat are
stationary

E. Experimen#: Tradked numberof objects

We performedhefollowing experimento determinghe
accurag of thelaserin determiningthe numberof people
in theroom.

E.1 Methods

We ranthe tracker on a scriptedplay 9 which involved
normally obsened actwvities in the room suchaswalking,



time | action

0.00 | Startof program- with A at StationA

1:33 | A movesfully (initialization)

1:40 | B walksinto theroom,goesto StationB, andsitsdown
1:56 | A getsupandwalksoverto StationB to talk to B

2:15 | Cwalksin for acupof coffeeto thecoffeetable

2:25 | Cwalksbackoutwith cup

2:40 | D walksin andshaleshandswith 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 bendsbelawn thelasersrange
7.19 | A getsbackin therange

7.27 | A walksbackto StationA

Fig. 9. Experiment 4: Excerptsfrom the scriptusedin thetest.
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Fig. 10. Experiment 4: The testshows the accurag in tracking the
numberof objectsin theroom. The starsrepresenthe numberof objects
asmeasuredy the cameraandthe solid line the numbertraclked by the
tracler.

talking, discussionsandpathcrossings.

Thetrackercanonly seeor trackobjectsthathave moved
andit cannotdifferentiatebetweerpeopleandobjects.So
we usethe visual groundtruth measuremento find the
numberof objectsthat have moved. Figure 10 shows the
numberof objectsthat have moved as measuredy the
tracker comparedvith the visualmeasurements.

E.2 Results

The errorsin 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
thetraclker retainsseparatedentitiesfor peopleandchairs,
when peopleare sitting on chairs, it becomedifficult at
times as whenthe chair is temporarilyoccluded,to con-
tinue to distinguishbetweenthe chair and the person. In
thesecasesthe tracker underestimatethe numberof ob-
jectsin theroom. This phenomenowccurrechetweer220
and270secsn theFigure10. Ontheotherhand,thenum-

; .
-1+ -7

Fig. 11. Scripted Test: Shaws the pathsof peoplein a roomin the
scriptedtestfor Experimentd.

berof objectsin theroomis overestimatedvhenthey move
very fastor whenthey jump andthe KF is unableto keep
up. This sometimesresultsin temporaryobjectsand is
manifestedn spikesin Figure 10 at about150s,220s,and
290s.0ccasionallythe newly spuriousobjectbecomeghe
parentof a stableblob. Whenthis happenghe numberof
objectsis overestimatedior anextendedperiodof timelike
betweerl70sand200s.

IV. DISCUSSION

In this paperwe have introduceda novel laserbased
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 requiredto cover a
sceneasinglelasercaneffectively coverareasonablyarge
workspace. Owing to the sparseand accuratenature of
laserdata,they are easierand computationallycheapetto
handle. However, it is difficult to obtaina setof features
that uniquely distinguishone objectfrom anotherin laser
data. Occlusionsarethe greatesproblem;while it is pos-
sible estimatethe identities of objectsthat have beenoc-
cluded,basedon the velocity andpositionat the beginning
of occlusion,t is difficult to distinguishbetweerthempos-
itively. Figure11 shovsthepathsof peoplefor thescripted
testusedin experiment4. The correspondingmageof the
workspacas shavn in Figure3.

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



a 900MHz P-11l with 128MB RAM using up to 6 lasers
coveringtwo rooms.

Using lasershasits drawbacks. Lasersare oblivious to
objectsoutsidetheir planeof scanthusmakingit difficult
to perceve detailsof actwity. It is possibleto usemulti-
ple lasersin differentplanesto build up a 3-D representa-
tion of the scene.Multiple laserscanalsobe usedin large
workspaceswith a vastnumbersof people,whereocclu-
sionsprohibit effective tracking. Unfortunately asa prac-
tical matter lasersarecurrentlyexpensve relative to cam-
eras.

A. Applications

Gait recognitionandactionmodelingareamongthein-
terestingapplicationsof trackers that can store and pro-
ces®ntity-specifidnformation.BreglerandBrand[7], [5],
[6] usemotion captureto recordjoint orientationdatafor
movementanalysis. One could modify theseto uselaser
datato determinepatternsn the movementin a planepos-
sibly to identify the taskbeingperformedor evento iden-
tify characteristicef theperson.

Microsoft's researcton EasyLving Technologied15],
[3] is a commercializationof this technology which
requires locating and tracking individuals in a closed
workspace.They usethis informationto guessthe intent
of the userand help in automatingsomeof the mundane
taskslike switchingappliance®nin thepresencef auser
settingparametersik e thetemperaturén a workspaceau-
tomatically or even logging on automaticallyin the pres-
enceof auser

Roboticsecuritydevices[2] needto identify moving ob-
jectsandpossiblydetermineary helpfulinformationabout
them. Onefeaturewould beto find out the numberof ob-
jects,if the objectis anintruder, andif soto determinehis
physicalcharacteristics Thesefeaturescan potentiallybe
determinedy usingalasertracker.

In this tracking application, we have filtered out the
backgroundHowever, we couldinsteadfilter outthefore-
ground. Moving the laserwould then provide us with an
estimateof the velocity of the sensor We have usedthe
KF to estimatea differential state. We could insteaduse
the KF to estimatethe displacementlirectly. This would
be applicableto laserbasedmap building, navigation and
localizationassuggesteéh [14], [9], [24].

V. CONCLUSION

We have arguedthat lasersare an effective sensorfor
objectand peopletracking. We have evaluatedthe per
formanceof our KF to show its effectivenessn tracking
objectsbehindocclusions We have alsodevelopeda com-
putationallyefficientalgorithmfor multiple objecttracking
andvalidatedit in alaboratoryworkspace.

In our continuingwork, we arescalingup the presented
approachto track large groupsof interactinghumansin

complex ervironmentswith multiple lasers.We have used
attributesthat canbe measuredrom laserdatato qualify
objectsandshown how this canbe useful.
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