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Abstract

A methodto detectandtrackmoving objects
with a laserrangescannerfrom amobileplat-
form is presented.Detectionandtracking is
achievedby noticingdifferencesin laserscan
data over time, and maintaininghypotheses
which re�ect thechanceof thechangesbeing
causedbymovingobjects.A generalmodelof
movementis employed to allow the tracking
of multiple typesof objects,from humansto
othermoving platforms,in onesystem.Pure
odometrydataandscanmatchingis usedto
compensatefor motion, and hypothesesare
maintainedusinga Kalman�lter to estimate
the velocity of objects. The approachis em-
ployedto trackobjectsin a rangeof environ-
ments,wherecamerasmountedon an active
headare usedto record the any movement
aroundtheplatform.

1 Intr oduction

The ability to track moving objects,from a moving
platform is a skill requiredin a numberof �elds from
surveillance[Siebeland Maybank,2002] to robot hu-
maninteraction[Feyrer andZell, ]. Methodsexist for
detectingtargetswith arangeof sensors,howevermany
areonly designedto track oneparticulartype of target
[BeymerandKonolige,1999], andmany fall victim to a
severedrop in accuracy asthe targetmove towardsthe
extremesof the sensors.Vision systemscanprovide a
large amountof detail abouta subject,but this canbe
overwhelming,and oncea target moves too close,no
furtherusefulinformationcanbeobtained.Laserrange
scanners,althoughslightly more expensive than other
sensors,provide a high accuracy map of the environ-

ment, and perform well when objectsare closeor far
from the scannerwith rangesof up to 80m. The data
is limited to a planeandobjectscanbecomeoccluded,
however, this is acceptablefor thetaskof trackingmov-
ing objectswhereaccuracy over a wide rangeis of a
greaterimportance.

Ratherthantailoring a solutionto solve the speci�c
problem of tracking humans,this methodprovides a
moregeneralapproachthat takesany moving objectas
anobjectof interest.As such,this methodcanbeused
to simultaneouslytrack a numberof different typesof
target in a given scene.By remaininggeneral,the ap-
proachcouldeasilybeusedfor applicationswhereother
mobileplatformsneedto bedetectedandperhapsinter-
actedwith. For thisreason,techniquessuchassignature
matching[Fod et al., 2002] for detectingobjects,or vi-
sionsystemsmatchingtemplates[NeedhamandBoyle,
2000] have beenavoided. The preferredmethodis to
track objectswith a minimal amountof data,with no
�ltering basedon templatesto avoid losing important
informationaboutthestateof thescene.

Methodshave beenpresentedto track moving ob-
jectsusingsystemssuchasparticle�lters [Schulzetal.,
2000] andsimilar techniques[Taoet al., 1999]. These
areshown to work well in their respective applications,
however, for thetaskof trackingobjectsfrom a mobile
platform,morecontrolof trackingwasneeded.Thetask
of trackingfrom a mobile platform becomesmoredif-
�cult thanthestationarycaseasthesideeffectsof ego-
motionneedto becompensated.By usinganhypothesis
trackingmethod,an keepinghypothesesof whereob-
jectsmight bemoving in thescene,we caneasilymod-
ify theweightingsof thegivenhypothesesbasedon the
robotmotionandocclusionsthatmayoccurasplatform
becomesmobile.



2 Outline

Thestructureof this documentpresentstheoverview
of the systemusedto solve this problemin Section3,
followed by the breakdown anddescriptionof eachof
theelementsin Sections4 to 9. At theendof thedocu-
ment,resultsareprovidedshowing theeffectivenessof
theproposedmethod.

3 Approach

Thegoalhereis to takelaserscansatany givenheight
from amobileplatform,andprocessthedatauntil mov-
ing targets in the scenecan be detected. The experi-
mentsoutlinedherewereall conductedon an XR4000
Roboticplatformshown in Figure1.

Thelaserrangescannerusedis theSick LaserRange
Scanner, andan exampleof a raw laserscanobtained
from this device canbeseenin Figure2. Oncethescan
hasbeentaken, a numberof stepsarerequiredto pro-
cessthe datato obtainareaswheremotion is actually
occurringasopposedto simply artifactsof noise.If the
scandatais not processed,any noisewill result in the
misdetectionof objectsresultingfrom the given noise.
Theoverall designof thesystemproposedcanbeseen
in Figure3.

The designof the systemtries to solve the major is-
suesinvolvedwith trackinga rangeof objectssimulta-
neouslyfrom amoving platform.Theseissuesare:

² Noisefrom laserscannerandodometry

² Timestampingof data

² Occlusionsastheplatformmovesaroundobjects

We attemptto solve theseproblemsby �rst �nding
changesin the scenethat could representmotion. To
�nd changesin thescans,thescansare�rst convertedto
anoccupancy grid mapformat. Thegrid maphasbeen
usedin multipleapproachesto motiondetection[Schulz
et al., 2000], andis a naturalway to approachtheprob-
lem. Grid mapsconvert theraw laserscandata(seeFig-
ure 2) into a squaregrid of occupiedcells surrounding
thescanner. A typicalgrid mapcanbeseenin Figure4.

It is clear to seethat whenobjectsmove aroundthe
scanner, the moving objectswill causechangesin the
scandataovertime,andsubsequentlythegrid mapswill
indicatewheremoving objectsoccur. When the laser
scanneris stationary, �nding moving objectsis asimple
taskof �nding the differencesin two subsequentmaps
(seeSection5), however, when the scanneris moved,

Figure1: XR4000roboticplatformusedin theexperi-
mentsoutlined.



Figure3: Top level designdiagramshowing theprocessesinvolvedin trackingmoving targetsusinganhypothesis
methodandlaserscandata.

Figure2: Exampleof LaserDatain CartesianCoordi-
nateswith thescannerat (0,0)

Figure4: LaserScanconvertedinto Grid Map format
with thescannersituatedin thecentreof thegrid.

compensationis requiredto remove theeffectsof plat-
form rotationandtranslation.

Thecompensationis obtainedby combiningodome-
try dataandscanmatchingtechniques,resultingin grid
mapswherestructureremainsalmoststationarydespite
platform movement. The scansare then differenced
leaving a grid containingall the changesbetweenthe
two grids. A typical differencemapandcorresponding
grid mapscanbeseenin Figure5.

The differencemapis thensegmentedinto blobsof
connectedcells, andeachblob is thenanalysedto de-
terminewhetherit shouldbecontributing to a constant
velocity motionhypothesis.By choosinga constantve-
locity model,we cantracka wide varietyof targetsin-
dependentof scannerplacement,or objectshape.



Figure5: Two subsequentscansandthe resultingdif-
ferencemap. (a) Currentgrid map (b) Previous grid
map(c) Differenceresultwith white regionsrepresent-
ing changes,andgrey regionsrepresentingspacewith
novalid data.

Hypothesesat this stage are maintainedusing a
Kalman�lter for eachhypothesisandcontainusefulin-
formationaboutthepositionandvelocityof moving ob-
jects,andif agivenhypothesisis maintainedfor anum-
berof samples,it is deemedto bea moving object,and
thereforeof interest.

4 Motion Compensation

The removal of ego motion was initially attempted
by usingonly odometrydatafrom themobileplatform.
Thisprovedto belargely inconsistentwith theobserved
laserdatadueto delaysandtiming errors.To compen-
satefor this,eachscanwasmatchedagainsttheprevious
scanusing scanmatchingtechniques[Lu and Milios,
1994] [BeslandMcKay, 1992]. In thismethod,thescan
matchingmethodusedis aniterative closestpoint algo-
rithm whichreturnsacalculatedrotationandtranslation
to matcheachscanwith thepreviousscan.This works
well in mostcases,andonly failsin scanswith verylittle
structurein thescannedenvironment. Whencombined
with odometrydata,andaslong astheplatformis lim-
ited to a �x edmaximumrotationandtranslationspeed,
thescanswill matchwell, giving closeestimatesto the

amountmovedby theplatform.

5 Occupancyand Differ enceMaps

Oncethe motion of the platform is determined,the
latestscancanbecompensatedandconvertedto anoc-
cupancy grid map. As we have seen,grid mapsconsist
of an n £ n squaregrid wherecells containinforma-
tion abouttheoccupationof regionsaroundthescanner
which is positionedat thecentreof thegrid. Thevalue
of eachcell representstheprobabilitythatit is occupied
between0 and1 (SeeFigure4).

For this approach,it was found that the bestresults
wereobtainedwhena grid wascreatedwhereonegrid
cell equals10cm on the ground. This allowed easy
trackingof moving objectsfrom humansto muchlarger
objects.If trackingof smallerobjectsis required,higher
resolutiongrid mapscould be used. However, when
higherresolutiongrids wereused,the processingtime
wasgreater, andresultsweregenerallyslightly poorer
asnoisebecamemoreprevalent.

After taking two occupancy grids, a differencemap
can be createdby noticing the differencesin the two
scans.Whengeneratinga differencemap,it is noticed
thatonly cellsthatareoccupiedin thecurrentgrid map
areof interest.Any otherchangein thegrid mapis ei-
ther an objectbecomingoccludedor the resultof mo-
tion alreadydetectedfrom occupiedcells. Becauseof
this, the differencemapis generatedusingEquation1,
giventhecurrentgrid is G, thepreviousgrid is G0, and
thedifferencemapis D .

D i;j =

(
1 if (Gi;j = 1) ^ (G0

i;j = 0)

0 otherwise
(1)

Theoutputexpectedfrom this methodcanbeseenin
Figure5 wherethemotioncausedby themoving target
hasbeencaptured.

6 Blob Segmentation

Oncea differencemaphasbeenobtained,a simple
two passblob segmentationalgorithmis appliedto ex-
tractall 4-connectedgroupsof cells.Becauselaserscan
dataonly containsdepthinformation,we cannotdeter-
minethecentreof massof detectedobjectswhichwould
provide the most accuratemethodfor object tracking.
Only thesurfacevisible by thescanner, but we seethat
this provides informationuseful to tracking if the sur-



faceof theobjectis trackedasthoughit wastheentire
targetin question.

7 HypothesisCreation

Hypothesiscreationoccursby noticingchangesin the
blobsdetectedin thepreviousstep.Whenablob is seen
in two separatelocations,amovementhypothesisis cre-
atedwhich consistsof the positionandvelocity of the
target. Whencreatinghypothesesfor objectsmoving in
the scene,it is importantto avoid creatinghypotheses
for every blob thatcanbeseen.Not only will this cre-
ateanexcessivenumberof hypotheses,it will causehy-
pothesesto becreatedon top of alreadyexisting, man-
agedhypotheses.

To solve this, eachblob that is detectedon eachscan
is determinedto bea new blob,or onethat is partof an
existing hypothesis.Any new blob will causehypothe-
sesto becreatedbetweenit andany nearbyblob.

To determineif a blob is new, eachblob is assigned
a valueB weight whereB weight is in the rangeof 0 to
100. Any blob that is found to have B weight above a
certainthresholdis regardedasnew. Theprocessusedto
calculateB weight for eachblobcanbeseenin Equation
2 whereeachblob coordinateis storedin B pos, each
hypothesiscoordinateestimateis storedin list H est.

B weight = 100¡
iX

hypos

£
max(50 ¡ dist (H est

i ; B pos); 0)
¤

(2)
This simpleapproachresultsin a moremanageable

numberof hypotheses,even when noisecausesmany
blobsto begenerated.

8 HypothesisManagement

Hypothesesarestoredaspositionsof possiblemoving
objects,aswell astheobject's estimatedvelocity anda
weightingfrom 0 to 100.Theweightingprovidesinfor-
mationon how likely thehypothesisis to be trackinga
moving objectagainstourconstantvelocitymodel.The
velocityis maintainedandprojectedusingaKalmanFil-
ter (seeSection9), andthis projectionis usedto deter-
mine the hypothesisweight. Oncea hypothesisis cre-
ated,it will initially begivena low weightingto repre-
sentan initial uncertaintyof the detectedblob actually
beinga moving object.As eachlist of blobsis obtained
for eachframe,everyhypothesisis checkedto seeif any

of the given blobs could possiblybe supportinga hy-
pothesisby calculatingthe distancebetweenblobsand
thehypothesisestimate.If thedistanceis within agiven
threshold,theblob is deemedto bein supportof thehy-
pothesisand the weight of the hypothesisis increased
basedon this distance.The changein weight is deter-
mined by Equation3 and relies on selectedvaluesof
W inc andW dec which wereexperimentallydetermined
to givebestresultsatW inc = 60andW dec = 15.

H weight = H weight + W inc ¡ W dec¤(dist (B pos; H est))
(3)

The processof weight modi�cation can be seenin
Figure6, wherehypotheseswith dataneartheir predic-
tions arerewarded,andotherhypothesesarediscrimi-
nated.

Figure6: Theprocessof trackinghypotheses.(a) Here
eachhypothesis(arrows) looksfor data(circles)within
their respective boxes. (b) Weightingsaremodi�ed in
reaction to the data found within their searchareas.
Greenfor a good match,red for no match,and black
for aweakmatch.

Thenew detectedblob is thenpassedinto a Kalman
�lter , giving anew hypothesisto beusedfor next frame.

If multiple blobsarefoundto beneartheestimateof
a givenhypothesis,thehypothesisis split, allowing the
Kalman�lter to trackthetwo possiblemovementsinde-
pendently. This works particularlywell whentracking
peopleastheheightof thescannerusuallyresultsin two
legsbeingvisible in thescene,with thedominantmove-
mentswitchingfrom leg to leg. By splitting thehypoth-
esis,wecanautomaticallyswitchthetracking,allowing
usto alwaystrackbothlegs,andthereforetracktheper-
sonatanearconstantvelocity.



Any hypothesisthat is left with no blobsnearby, is
updatedalongthesamepathbut with a reducedweight-
ing. This allows objects to becometemporarily oc-
cluded,andyetstill betrackedby theKalman�lter .

Hypothesescanalsohave their weightreducedwhen
certainconditionshold, giving more control over the
how objectsare tracked. Any hypothesisthat appears
to bemoving alonga wall or any otherstructurehasits
weight halved as it is most likely that hypothesesare
beinggenerateddueto noise. Oncea hypothesishasa
weighting that hasreacheda lower threshold,it is re-
movedfrom thesystemandis no longertracked.

The Kalman�lter is designedto track parametersin
the presenceof noise,and becauseof this, it is noted
thatwheninitially trackingobjectstheKalman�lter will
compensatefor the lack of any patternof constantve-
locity. As time goeson, however, we �nd that objects
with constantvelocitywill berewarded,while noisewill
not. This behavior of theKalman�lter forcesus to ig-
noreany hypothesiswith insuf�cient data,andtherefore
moving objectsare only reportedas detectedonceat
leastm sampleshave beenrecorded.It wasfound that
optimaltrackingwasachievedwhenm = 4.

An exampleof the hypothesesgeneratedduring op-
erationcanbeseenin Figure7. Thelinesrepresenthy-
potheses,whereas the crossdenotesthat enoughdata
hasbeenobtainedto trust the hypothesisasa moving
object.

9 Kalman Filter

To keeptrack of the hypotheses,we have seenthat
a Kalman�lter [Kalman,1960] wasemployed,andpa-
rameterschosensuchthatobjectsmoving at a constant
velocitywouldberewarded,andrandomnoisewouldbe
discarded.Theoriginal Kalman�lter equationscanbe
seenbelow in Equations4 to 8.

x¡
t = Ax t ¡ 1 + B ut (4)

P ¡
t = APt ¡ 1AT + Q (5)

x t = x¡
t + K t (zt ¡ H x ¡

t ) (6)

Pt = (I ¡ K t H )P ¡
t (7)

K t = P ¡
t H T (H P ¡

t H T + R)¡ 1 (8)

Figure7: (a) Laserscanat time t (b) Laserscanat time
t ¡ 1 (c) DifferenceMap with grey regionsrepresent-
ing unknown space(d) Predictedvelocitiesof moving
objects

Theseequationsallow for many differentsituations,
but asweareaimingfor ageneralapproachto suitmany
typesof movingobjects,theKalman�lter wasusedcon-
stantvelocity parametersresultingin a simpli�ed setof
equationsseenin Equations9 to 13.

x¡
t = x t ¡ 1 (9)

P ¡
t = Pt ¡ 1 + Q (10)

x t = x¡
t + K t (zt ¡ x¡

t ) (11)

Pt = (I ¡ K t )P ¡
t (12)

K t = P ¡
t (P ¡

t + R)¡ 1 (13)

By using this constantvelocity model, the only pa-
rametersleft to de�ne arethe noisecovariancesQ and
R. After experimentingwith sampledata,the follow-
ing valuesfor thecovariancematriceswereobtainedin
Equations14and15whereunitsarein meters.



Q =
·
0:0005 0

0 0:0005

¸
(14)

R =
·
0:006 0

0 0:006

¸
(15)

This allows the Kalman �lter to track objects,even
whenthey changevelocity quickly andcontinueon an-
otherconstantvelocity path. Theweightof hypotheses
dependson the errorbetweenthe dataandtheKalman
estimate,so smallererrorswill yield high probabilities
for moving objects.

Whentestedon realdata,thetrackingperformswell.
An experimentwasconductedwherea mobileplatform
moved in front of a stationarylaser scanner, and the
odometryof theplatformwasrecorded.Figure8 shows
thedifferencesbetweentherecordedodometryandthe
track producedby the Kalman �lter usedin this ap-
proach.

Figure8: Distancebetweentrackedhypothesisandac-
tual targetposition. Estimateis usuallywithin 0.2 me-
tersof target.

10 Experimental Results

In ordertodeterminetheperformanceof theapproach
described,it wasappliedto a numberof recordedscans
with distinctpropertiesto ensurethatahighsuccessrate
wasachievedin thosecases.

10.1 Stationary Platform, SingleMoving Object

In this experiment,theplatformwasplacedin a clut-
teredroom,with scansbeingobtainedasin Figure10.

Over a 30 secondperiod,143scansweretakenwherea
targetwalkedpastthescannera numberof times,leav-
ing the room for a shortperiod. The humanrecorded
trackof thetargetcanbeseenin Figure9, while there-
sultingtrackreturnedby thealgorithmcanbeseenin in
Figure10.

Theresultsobtainedfrom thisexperimentcanbeseen
in Table1.

Figure9: The track of a target in experiment1. This
trackwasrecordedby ahumanoperator. Thetargetfol-
lowedthecourseof thearrows in numericalorder.

Table1: Resultsfrom StationaryPlatform,SingleMov-
ing ObjectExperiment

Experimentlength 30sec
Numberof constantvelocitypathstaken 4
Numberof constantvelocitypathsdetected 4
Numberof falsedetections 0
Numberof velocityhypothesesmade 38
Numberof clearlyincorrectvelocityhypothesesmade 0

Thetrackingwasshown to work well atall thestages
of the target movement(SeeFigure 10). We seethat
eventhoughthetargetstrackedherearehumanlegsand
don't strictly follow a constantvelocity model,they are
still captured,andaccuratevelocityestimatesobtained.

10.2 Moving Platform, No Moving Objects

Heretheplatformwasmovedaroundanof�ce envi-
ronmentwhile the tracking processwas performedto
ensurethat noisecausedby the platform motion was
ignored. We split the probleminto two separateparts
of platformtranslationandplatformrotation,to seethe
performancein bothcases.

Table2 showsthenumberof falsedetectionsobtained
while theplatformis translating.Wecanseethatperfor-
manceis extremelygood,with only 2 minor falsedetec-
tions.



Figure10: Resultsof trackingtarget in experiment1. Thevectorsshow theestimatedvelocity of thetargetat each
point in time. Weseerelatively few hypothesesasa resultof preferringto wait longerto besureof a result.

Table2: Resultsfrom notarget,platformtranslationex-
periment

Experimentlength 55sec
Numberof falsedetections 2
Durationof eachfalsedetection 1 frame

Table3 shows theresultsfrom rotatingtheplatform.
Weseethatthenumberof falsedetectionsis greaterthan
thoseobtainedwhile translating,but aswe expectplat-
form translationto occurmorefrequentlythanplatform
rotation,this is acceptable.

Table3: Resultsfrom notarget,platformtranslationex-
periment

Experimentlength 20sec
Numberof falsedetections 10
Maximumdurationof any falsedetection 2 frames

10.3 Li veData

To ensurethat thevelocity datagatheredfrom track-
ing is in factvalid, anexperimentwasconductedto use
the informationto gatherfurther informationaboutthe
trackedtargets.An active headwasusedto directcam-
erasat thepassingtargets,andimagesweretaken. The
active headsystemcontainedsigni�cant delays,andas

such,thecameraswereaimedto leadthetargetby up to
3 seconds.This largeleadingrequiredthedataobtained
from trackingto beaccurate,andwe seethat this is the
case.

The platform was placedat the end of a corridor,
andpassingtargetsweredetectedusingthemethodde-
scribedabove beforethe cameraswere trainedon the
target, and imagescaptured.The resultsfrom this ex-
perimentcanbeseenin Table4, andshow thatalthough
thenearlyeverytargetwascapturedby thetrackingsys-
tem,77%werecapturedby thecamerasaimedatthetar-
gets.This �gure is dueto thedelaysin theactive head
systemandwereexpectedto bemuchworse. Any tar-
getremainingin theframefor anumberof sampleswas
captured,while targetsquicklymovingpasttheplatform
weremissedasthecamerastriedto catchup. Figures11
to 14 show the imagesobtainedfrom targetsthat were
successfullycapturedby thesystem.

Table4: Resultsfrom activeheadexperiment
Numberof passingtargets 14
Numbertargetsdetected 13
Numberof targetscapturedby camera 10
Percentageof targetscaptured 77%



Figure11: Individual targetcapturedby theactivehead,
targetingpassingobjectswith anhypothesismethod.

Figure12: Multiple targetscapturedby theactive head,
targetingpassingobjectswith anhypothesismethod.

Figure13: Multiple targetscapturedby theactive head,
targetingpassingobjectswith anhypothesismethod.

Figure14: Multiple targetscapturedby theactive head,
targetingpassingobjectswith anhypothesismethod.



11 Conclusions

We seethatby takinglaserscandata,andcombining
scanmatching,odometry, andhypothesistrackingtech-
niques,wecansuccessfullytrackobjectsmoving within
the scenewithout speci�c modelsof motion. We have
alsoseenthatwhenemployed,it caneasilyprovide ve-
locity andpositioninformationthat canbe usedin ex-
ternal systemsfor gatheringfurther information. The
generalityof thisapproachmakesit anappealingoption
for robotsrequiredto respondto a rangemoving targets
in their environment.
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