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Abstract

A methodto detectandtrack moving objects
with alaserrangescannefrom amobileplat-
form is presented.Detectionandtrackingis
achiezed by noticingdifferencesn laserscan
data over time, and maintaining hypotheses
which re ect the chanceof the changeseing
causedy moving objects.A generamodelof
movementis employed to allow the tracking
of multiple typesof objects,from humansto
othermoving platforms,in onesystem.Pure
odometrydataand scanmatchingis usedto
compensatdor motion, and hypothesesare
maintainedusinga Kalman lter to estimate
the velocity of objects. The approachs em-
ployedto track objectsin a rangeof erviron-
ments,wherecameragnountedon an active
headare usedto recordthe ary movement
aroundthe platform.

1 Intr oduction

The ability to track moving objects,from a moving
platformis a skill requiredin a numberof elds from
sunwillance[Siebeland Maybank, 2004 to robot hu-
maninteraction[Feyrer and Zell, ]. Methodsexist for
detectingargetswith arangeof sensorshowever mary
areonly designedo track one particulartype of target
[BeymerandKonolige,1999, andmary fall victim to a
severedropin accurag asthe target move towardsthe
extremesof the sensors.Vision systemscan provide a
large amountof detail abouta subject,but this canbe
overwhelming,and oncea target moves too close, no
furtherusefulinformationcanbe obtained.Laserrange
scannersalthoughslightly more expensve than other
sensorsprovide a high accurag map of the erviron-
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ment, and performwell when objectsare closeor far
from the scannemith rangesof up to 80m. The data
is limited to a planeandobjectscanbecomeoccluded,
however, thisis acceptabldor thetaskof trackingmov-

ing objectswhereaccurag over a wide rangeis of a
greaterimportance.

Ratherthantailoring a solutionto solve the speci c
problem of tracking humans,this method provides a
moregeneralapproachhattakesany moving objectas
anobjectof interest. As such,this methodcanbe used
to simultaneouslytrack a numberof differenttypesof
targetin a given scene.By remaininggeneral the ap-
proachcouldeasilybeusedfor applicationsvhereother
mobile platformsneedto be detectedcandperhapsnter
actedwith. For thisreasonfechniquesuchassignature
matching[Fod etal., 2004 for detectingobjects,or vi-
sion systemsamatchingtemplate{NeedhamandBoyle,
2004 have beenavoided. The preferredmethodis to
track objectswith a minimal amountof data,with no
Itering basedon templatesto avoid losing important
informationaboutthe stateof the scene.

Methodshave beenpresentedo track moving ob-
jectsusingsystemssuchasparticle Iters [Schulzetal.,
200d andsimilar techniquegTaoetal., 1999. These
areshawn to work well in their respectie applications,
however, for the taskof trackingobjectsfrom a mobile
platform,morecontrolof trackingwasneededThetask
of trackingfrom a mobile platform becomesnore dif-
cult thanthe stationarycaseasthe sideeffectsof ego-
motionneedto becompensatedy usinganhypothesis
tracking method,an keepinghypothesef where ob-
jectsmight be moving in the scenewe caneasilymod-
ify theweightingsof the givenhypothesedasedon the
robotmotionandocclusionghatmayoccurasplatform
becomesnobile.



2 Outline

Thestructureof this documenpresentshe overview
of the systemusedto solve this problemin Section3,
followed by the breakdevn and descriptionof eachof
theelementsn Sections4 to 9. At the endof thedocu-
ment,resultsareprovided shaving the effectivenessof
the proposednethod.

3 Approach

Thegoalhereis to take laserscansatary givenheight
from amabile platform,andprocesghe datauntil mov-
ing targetsin the scenecan be detected. The experi-
mentsoutlinedherewereall conductedon an XR4000
Roboticplatformshowvn in Figurel.

Thelaserrangescanneusedis the Sick LaserRange
Scannerand an exampleof a raw laserscanobtained
from this device canbe seenin Figure2. Oncethescan
hasbeentaken, a numberof stepsarerequiredto pro-
cessthe datato obtain areaswheremotion is actually
occurringasopposedo simply artifactsof noise.If the
scandatais not processedary noisewill resultin the
misdetectiorof objectsresultingfrom the given noise.
The overall designof the systemproposedcanbe seen
in Figure3.

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

2 Noisefrom laserscanneandodometry
2 Time stampingof data
2 Qcclusionsasthe platformmovesaroundobjects

We attemptto solve theseproblemsby rst nding
changesn the scenethat could represenmotion. To
nd changesn thescansthescansare rst corvertedto
anoccupanyg grid mapformat. The grid maphasbeen
usedin multiple approachet motiondetection Schulz
etal., 200d, andis a naturalway to approachhe prob-
lem. Grid mapscorverttheraw laserscandata(seeFig-
ure 2) into a squaregrid of occupiedcells surrounding
thescannerA typical grid mapcanbeseenin Figure4.

It is clearto seethatwhenobjectsmove aroundthe
scannerthe moving objectswill causechangesn the
scandataovertime,andsubsequentlyhegrid mapswill
indicatewheremoving objectsoccur Whenthe laser
scannels stationary nding moving objectsis asimple
taskof nding the differencesn two subsequentaps
(seeSection5), hawvever, whenthe scannelis moved,

Figure1l: XR4000robotic platformusedin the experi-
mentsoutlined.
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Figure3: Top level designdiagramshaving the processefvolvedin trackingmoving tamgetsusingan hypothesis

methodandlaserscandata.

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

Figure4: LaserScancorvertedinto Grid Map format
with the scannesituatedn the centreof thegrid.

compensatiofis requiredto remove the effects of plat-
form rotationandtranslation.

The compensatiois obtainedoy combiningodome-
try dataandscanmatchingtechniguestesultingin grid
mapswherestructureremainsalmoststationarydespite
platform movement. The scansare then differenced
leaving a grid containingall the changeshetweenthe
two grids. A typical differencemapandcorresponding
grid mapscanbeseenin Figures.

The differencemapis then sggmentedinto blobs of
connectectells, and eachblob is thenanalysedo de-
terminewhetherit shouldbe contrituting to a constant
velocity motion hypothesis By choosinga constantve-
locity model,we cantrack a wide variety of targetsin-
dependendf scanneplacementpr objectshape.



Figure5: Two subsequenscansand the resultingdif-
ferencemap. (a) Currentgrid map (b) Previous grid
map(c) Differenceresultwith white regionsrepresent-
ing changesandgrey regionsrepresentingspacewith
novalid data.

Hypothesesat this stage are maintainedusing a
Kalman lter for eachhypothesisandcontainusefulin-
formationaboutthe positionandvelocity of moving ob-
jects,andif agivenhypothesids maintainedor anum-
berof samplesit is deemedo be a moving object,and
thereforeof interest.

4 Motion Compensation

The removal of ego motion was initially attempted
by usingonly odometrydatafrom the mobile platform.
This provedto belargelyinconsistentvith theobsered
laserdatadueto delaysandtiming errors. To compen-
satefor this,eachscanwasmatchedagainsttheprevious
scanusing scanmatchingtechniquegLu and Milios,
1994 [BeslandMcKay, 1994. In thismethod thescan
matchingmethodusedis aniterative closestpointalgo-
rithm whichreturnsa calculatedotationandtranslation
to matcheachscanwith the previous scan. This works
well in mostcasesandonly failsin scanswith verylittle
structurein the scannecdervironment. Whencombined
with odometrydata,andaslong asthe platformis lim-
itedto a x ed maximumrotationandtranslationspeed,
the scanswill matchwell, giving closeestimatego the

amountmoved by the platform.

5 Occupancyand DifferenceMaps

Oncethe motion of the platform is determinedthe
latestscancanbe compensatedndcornvertedto anoc-
cupang grid map. As we have seengrid mapsconsist
of ann £ n squaregrid wherecells containinforma-
tion aboutthe occupatiorof regionsaroundthe scanner
which is positionedat the centreof the grid. Thevalue
of eachcell representghe probability thatit is occupied
betweerD and1 (SeeFigure4).

For this approachjt wasfound that the bestresults
were obtainedwhena grid wascreatedwhereonegrid
cell equals10cm on the ground. This allowed easy
trackingof moving objectsfrom humango muchlarger
objects.If trackingof smallerobjectsis required higher
resolutiongrid mapscould be used. However, when
higherresolutiongrids were used,the processingime
was greatey and resultswere generallyslightly poorer
asnoisebecamemoreprevalent.

After taking two occupang grids, a differencemap
can be createdby noticing the differencesin the two
scans.Whengeneratinga differencemap, it is noticed
thatonly cellsthatareoccupiedn the currentgrid map
areof interest. Any otherchangen the grid mapis ei-
ther an objectbecomingoccludedor the resultof mo-
tion alreadydetectedrom occupiedcells. Becauseof
this, the differencemapis generatedising Equationl,
giventhe currentgrid is G, the previousgrid is G° and
thedifferencemapis D.

C
L if(Gy = 1" (G = 0)

D =
" 0 otherwise

1)

Theoutputexpectedirom this methodcanbe seenin
Figure5 wherethe motion causedy the moving target
hasbeencaptured.

6 Blob Segmentation

Oncea differencemap hasbeenobtained,a simple
two passblob segmentationalgorithmis appliedto ex-
tractall 4-connectedroupsof cells. Becausdaserscan
dataonly containsdepthinformation,we cannotdeter
minethecentreof massof detecteabjectswhichwould
provide the mostaccuratemethodfor objecttracking.
Only the surfacevisible by the scannerbut we seethat
this providesinformationusefulto trackingif the sur



faceof the objectis tracked asthoughit wasthe entire
tamgetin question.

7 HypothesisCreation

Hypothesisreationoccursby noticingchangeén the
blobsdetectedn thepreviousstep.Whenablobis seen
in two separatéocationsamovementhypothesiss cre-
atedwhich consistsof the positionandvelocity of the
target. Whencreatinghypothesegor objectsmaoving in
the scenei|jt is importantto avoid creatinghypotheses
for every blob thatcanbe seen.Not only will this cre-
ateanexcessve numberof hypothesesit will causehy-
pothesedo be createdon top of alreadyexisting, man-
agedhypotheses.

To solwe this, eachblob thatis detectedn eachscan
is determinedo be a new blob, or onethatis partof an
existing hypothesis.Any new blob will causehypothe-
sesto be createdbetweerit andary nearbybloh.

To determineif a blob is new, eachblob is assigned
avalue BWei9"t whereBYei9M js in the rangeof O to
100. Any blob thatis found to have BWe9" abave a
certainthresholds regardedasnew. Theprocessisedo
calculateB W¢19"t for eachblob canbeseenin Equation
2 whereeachblob coordinateis storedin BP°S, each
hypothesiscoordinateestimates storedin list H st

Xi £ o
max(50 dist(H st BPoS): 0)

&)
This simple approactresultsin a more manageable
numberof hypothesesgven when noise causesmary
blobsto begenerated.

Bweight — 10q
hy pos

8 HypothesisManagement

Hypothesesrestoredaspositionsof possiblenoving
objects,aswell asthe objects estimatedselocity anda
weightingfrom 0 to 100. Theweightingprovidesinfor-
mationon how likely the hypothesids to betrackinga
moving objectagainstour constanwelocity model. The
velocityis maintainedandprojectedusinga KalmanFil-
ter (seeSection9), andthis projectionis usedto deter
mine the hypothesisweight. Oncea hypothesisis cre-
ated,it will initially be givena low weightingto repre-
sentaninitial uncertaintyof the detecteclob actually
beinga moving object. As eachlist of blobsis obtained
for eachframe,every hypothesigs checledto seeif ary

of the given blobs could possiblybe supportinga hy-
pothesisby calculatingthe distancebetweerblobsand
thehypothesisestimatelf thedistancds within agiven
thresholdtheblobis deemedo bein supportof the hy-
pothesisand the weight of the hypothesisis increased
basedon this distance. The changein weightis deter
mined by Equation3 andrelies on selectedvaluesof
Winc andw 9e¢ which wereexperimentallydetermined
to give bestresultsat W "¢ = 60andW d9e¢ = 15,

H weight _ H weight + Winc i Wdecﬁ(dist(B pos. Hy est))

3)

The processof weight modi cation can be seenin

Figure6, wherehypothesesvith dataneartheir predic-

tions arerewarded,and other hypothesesre discrimi-
nated.

f

(a) (b)

Figure6: The procesof trackinghypotheses(a) Here
eachhypothesiqarravs) looksfor data(circles)within

their respectie boxes. (b) Weightingsare modi ed in

reactionto the data found within their searchareas.
Greenfor a good match,red for no match,and black
for aweakmatch.

The new detectedblob is thenpassednto a Kalman
Iter , giving anew hypothesido beusedfor next frame.
If multiple blobsarefoundto be nearthe estimateof
a given hypothesisthe hypothesiss split, allowing the
Kalman Iter totrackthetwo possiblenovementsnde-
pendently This works particularlywell whentracking
peopleastheheightof thescanneusuallyresultsin two
legsbeingvisiblein thescenewith thedominantmove-
mentswitchingfrom leg to leg. By splitting the hypoth-
esis,we canautomaticallyswitchthetracking,allowing
usto alwaystrackbothlegs,andthereforetrackthe per
sonatanearconstantelocity.



Any hypothesisthatis left with no blobsnearby, is
updatedalongthe samepathbut with areducedwveight-
ing. This allows objectsto becometemporarily oc-
cluded,andyetstill betracked by the Kalman lter .

Hypotheseganalsohave their weightreducedvhen
certain conditionshold, giving more control over the
how objectsaretracked. Any hypothesisthat appears
to bemoving alongawall or ary otherstructurehasits
weight halved asit is mostlikely that hypothesesare
beinggeneratedlueto noise. Oncea hypothesishasa
weighting that hasreacheda lower threshold,it is re-
movedfrom the systemandis nolongertracked.

TheKalman lter is designedo track parametersn
the presenceof noise,and becauseof this, it is noted
thatwheninitially trackingobjectsgheKalman lter will
compensatéor the lack of any patternof constantve-
locity. As time goeson, however, we nd that objects
with constantselocitywill berewardedwhile noisewill
not. This behaior of the Kalman Iter forcesusto ig-
noreary hypothesiswith insufcient data,andtherefore
moving objectsare only reportedas detectedonce at
leastm sampleshave beenrecorded.It wasfoundthat
optimaltrackingwasachiezedwhenm = 4.

An exampleof the hypothesegyeneratediuring op-
erationcanbe seenin Figure7. Thelinesrepresenhy-
potheseswhereasthe crossdenoteshat enoughdata
hasbeenobtainedto trust the hypothesisasa moving
object.

9 Kalman Filter

To keeptrack of the hypotheseswe have seenthat
aKalman lter [Kalman,196d wasemplo/ed,andpa-
rameterchosensuchthat objectsmoving at a constant
velocitywould berewarded andrandomnoisewould be
discarded.The original Kalman Iter equationsanbe
seerbelav in Equationst to 8.

X{ = Axy; 1+ Bug 4)
Pl = AP, 1AT + Q (5)
xe = xi + Ke(zi Hx{) (6)
Pe= (i KiH)PY (7)

Ki= P/ HT(HP HT + R)I 1 (8)

Figure7: (a) Laserscanattimet (b) Laserscanattime
ti 1 (c) DifferenceMap with grey regionsrepresent-
ing unknavn space(d) Predictedvelocitiesof moving
objects

Theseequationsallow for mary differentsituations,
but aswe areaimingfor agenerabpproacho suitmary
typesof moving objectstheKalman lter wasusedcon-
stantvelocity parametersesultingin a simpli ed setof
equationseenin Equation® to 13.

XI = X1 9)

Pi =Py1+Q (10)

xe = xj + Ke(zei xi) (11)
Po= (i KoPj (12)
Ki=Pi (Pi +R)I 1 (13)

By usingthis constantvelocity model, the only pa-
rameterdeft to de ne arethe noisecovariancesQ and
R. After experimentingwith sampledata,the follow-
ing valuesfor the covariancematriceswereobtainedin
Equationsl4 and15whereunitsarein meters.



_ 00005 O °

Q= "0 00005 (14)
_ 0006 0 °

R=""0 0006 (15)

This allows the Kalman Iter to track objects,even
whenthey changevelocity quickly andcontinueon an-
otherconstantvelocity path. The weight of hypotheses
dependsn the error betweenthe dataandthe Kalman
estimate so smallererrorswill yield high probabilities
for moving objects.

Whentestedon realdata,thetrackingperformswell.
An experimentwasconductedvherea mobile platform
moved in front of a stationarylaser scannerand the
odometryof the platformwasrecorded Figure8 shavs
the differencesetweenthe recordedodometryandthe
track producedby the Kalman Iter usedin this ap-
proach.

Figure8: Distancebetweentracked hypothesisandac-
tual target position. Estimateis usuallywithin 0.2 me-
tersof target.

10 Experimental Results

In orderto determingheperformancef theapproach
describedit wasappliedto a numberof recordedscans
with distinctpropertiedo ensurehatahighsuccessate
wasachiezedin thosecases.

10.1 Stationary Platform, Single Moving Object

In this experiment the platformwasplacedin a clut-
teredroom, with scansbeingobtainedasin Figure 10.

Over a 30 secondperiod,143 scansveretakenwherea
tagetwalked pastthe scannea numberof times,leav-
ing the room for a shortperiod. The humanrecorded
track of thetargetcanbe seenin Figure9, while there-
sultingtrackreturnedby thealgorithmcanbeseenin in
Figurel0.

Theresultsobtainedrom this experimentcanbeseen
in Tablel.

Scanner 3
field of
view

Figure9: The track of atamgetin experimentl. This
trackwasrecordedby a humanoperator Thetargetfol-
lowedthe courseof thearravs in numericalorder

Tablel: Resultsfrom StationaryPlatform,SingleMov-

ing ObjectExperiment
Experimentength 30sec
Numberof constantelocity pathstaken 4
Numberof constantelocity pathsdetected 4
Numberof falsedetections 0
Numberof velocity hypothesesnade 38

Numberof clearlyincorrectvelocity hypothesesnade 0

Thetrackingwasshavn to work well atall the stages
of the target movement(SeeFigure 10). We seethat
eventhoughthetametstracked herearehumanlegsand
don't strictly follow a constantvelocity model,they are
still capturedandaccuraterelocity estimate®btained.

10.2 Moving Platform, No Moving Objects

Herethe platformwasmoved aroundan of ce ervi-
ronmentwhile the tracking processwas performedto
ensurethat noise causedby the platform motion was
ignored. We split the probleminto two separategarts
of platformtranslationandplatformrotation,to seethe
performancen bothcases.

Table2 shavsthenumberof falsedetection®obtained
while theplatformis translating We canseethatperfor
mancds extremelygood,with only 2 minorfalsedetec-
tions.



Figure10: Resultsof trackingtargetin experimentl. Thevectorsshav the estimatedrelocity of the targetat each
pointin time. We seerelatively few hypothesessaresultof preferringto wait longerto be sureof aresult.

Table2: Resultsdrom notarmget, platformtranslationex-

periment
Experimentength 55sec
Numberof falsedetections 2
Durationof eachfalsedetection 1 frame

Table 3 shows theresultsfrom rotatingthe platform.
We seethatthenumberof falsedetectiongs greatetthan
thoseobtainedwhile translating but aswe expectplat-
form translationto occurmorefrequentlythanplatform
rotation,thisis acceptable.

Table3: Resultdfrom notamet, platformtranslationex-

periment
Experimentength 20sec
Numberof falsedetections 10

Maximumdurationof ary falsedetection 2 frames

10.3 LiveData

To ensurethatthe velocity datagatheredrom track-
ing is in factvalid, anexperimentwasconductedo use
the informationto gatherfurtherinformationaboutthe
traclkedtargets. An active headwasusedto directcam-
erasat the passingarmets,andimagesweretaken. The
active headsystemcontainedsigni cant delays,andas

such,thecamerasvereaimedto leadthetargetby upto

3 secondsThislargeleadingrequiredthe dataobtained
from trackingto be accurateandwe seethatthis is the
case.

The platform was placedat the end of a corridor,
andpassingargetsweredetectedisingthe methodde-
scribedaborve beforethe cameraswvere trainedon the
target, and imagescaptured. The resultsfrom this ex-
perimentcanbeseenn Table4, andshow thatalthough
thenearlyevery targetwascapturedy thetrackingsys-
tem,77%werecapturedy thecameragsimedatthetar
gets. This gure is dueto the delaysin the active head
systemandwere expectedto be muchworse. Any tar
getremainingin theframefor anumberof samplesvas
capturedwhile targetsquickly moving pasttheplatform
weremissedasthecamerasriedto catchup. Figuresll
to 14 shawv the imagesobtainedfrom targetsthatwere
successfullycapturedoy the system.

Table4: Resultsfrom active headexperiment
Numberof passingargets 14
Numbertargetsdetected 13
Numberof targetscapturecby camera 10
Percentagef tamgetscaptured 7%




Figurell: Individualtamgetcapturedy theactive head,
tamgetingpassingobjectswith anhypothesiamethod.

Figure13: Multiple targetscapturedoy the active head,
tamgetingpassingbjectswith anhypothesignethod.

Figure12: Multiple targetscapturedoy the active head,
targetingpassingobjectswith anhypothesignethod.

Figure14: Multiple targetscapturedoy the active head,
targetingpassingobjectswith anhypothesignethod.



11 Conclusions

We seethatby takinglaserscandata,andcombining
scanmatching,odometry andhypothesidrackingtech-
nigueswe cansuccessfullyrackobjectsmoving within
the scenewithout speci ¢ modelsof motion. We have
alsoseenthatwhenemployed, it caneasilyprovide ve-
locity and positioninformationthat canbe usedin ex-
ternal systemsfor gatheringfurther information. The
generalityof this approachmalesit anappealingoption
for robotsrequiredto respondo arangemoving targets
in their ervironment.
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