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Abstract

Geometricobject modelshave beenwidely used
for visual objecttracking. In this contrikution we
presentparticle Iter basedobject tracking with
poseestimationusing an appearancéasedlight-
eld objectmodel. A light- eld is animage-based
objectrepresentatiowhich canbeusedto rendera
photorealisticview of anarbitrarily shapedbject
from arbitrary viewpoints. It is shaovn how light-
eld objectmodelscan be generatecand utilized.
Furthermore,we shav how thesemodels t into
the probabilisticframevork of dynamicstateesti-
mationby de ning anappropriatdik elihooddistri-
bution from animagesimilarity metric. Finally, we
presentesultsandaccurag evaluationsrom track-
ing experimentf differentobjects.

1 Intr oduction

Objecttrackingis the taskof sequentiallyestimat-
ing the internal,unknavn stateof a moving object
from a sequencef obserations. Model basedb-
jecttrackingexploits thefactthatinformationabout
the objectis available in form of a model, from
which it is possibleto predict what obserations
shouldbeexpectedjf acertainstateof the objectis
assumedThispredictecobserationis comparedo
theactualobsenationandthe estimatedstatecould
beupdatedaccordingly In 3-D objecttracking,the
stateof the objectnormallyis avectorthatcontains
the 3-D position of the object, its velocity andac-
celeration.Additionally, sometimeghe poseof the
objectis alsoof interestandis therefore appropri-
atelyparameterizedncludedin the statevector In
this contrikution we presentresultson the use of
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appearanceasedight- eld objectmodelsfor 3-D
objecttrackingwith poseestimation.

The literature proposegmary differentkinds of
objectmodelsto usefor objecttracking. Theclassi-
calandmostcommonmodelsaregeometricobject
models.Thesemodelsmainly describehe shapeof
anobjectby asetof lines,curves,surfacesgtc. For
example,a 3-D CAD modelbelongsto this classof
models. Geometricobjectmodelsare well suited
to derive andpredictthe outline of an objectgiven
its 3-D positionandpose,i.e., whenit is seenfrom
a certainviewpoint. Hence,thosemodelsare of-
tensuccessfullydeplo/edin contourtrackingappli-
cationsbasedon sgmentationinformation (edges,
corners,etc.) [10, 17] . Onedrawvback of those
modelsis, thatgeometrianformationon the object
hasto be availablein orderto generatehe model.
This datamight be dif cult to achiee, or not even
available. Additionally, thereare objectsshaving
suchageometriccompleity thattheirshapecannot
be describedappropriately Hence,objectseither
have to beshapedelatively simple(mostly, polyhe-
dral objectsare preferred,e.g.,[12]) or canbe ap-
proximatedby simpleshapedyeometrigprimitives,
like cuboidsor ellipsoids.

Insteadof comparingsegmentededgeswith pre-
dictedones,a differentapproacto objecttracking
is to predicthow the object (or partsof it) should
look like from a certain viewpoint and to com-
parethis to the actualobseration. Therefore,ob-
ject modelsare necessaryhat provide information
from which ary view of the objectcanberendered.
Thosemodelscould either be synthesizedand ap-
proximatethe appearancef the objectby means
of computergraphics[14], or the modelcould also
be built from several real imagesof an object. A
well knowvn appearancéasedobjectmodelof this
kind is theview-baseckigenspaceepresentationf
an object(e.g.,[13]), which approximateghe ob-
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ject's appearancéy a linear subspace.ln [2] this
objectmodelis usedfor 2-D tracking(i.e., in the
imageplane)of a cylindrically shapedobject. In
[16] a similar approachis usedto build generatre
appearancenodelsof humanlimbs thatwereused
for trackinghumanmotionin 3-D.

In this contrikution we useso calledlight- elds
[4, 11] to captureand storethe appearancef an
object. A light-eld is a view-basedrepresenta-
tion of anobjectfrom which photo-realistidmages
of the objectfrom arbitraryviewpointscanbe ren-
deredin real-timeby interpolatingbetweerknown
views. A light- eld canbe easilygeneratedor ar-
bitrarily shapedbjectswithoutary a priori knowl-
edgeaboutthe object's geometry(detailsaregiven
in Section2). Theapplicability of light- eld object
modelsis widespreadfor example,they wereused
for traininga statisticalclassi er [5], or evenfor vi-
sionbasedobotnavigation[6].

The work presentechere useslight- eld object
modelsfor visual 3-D trackingandposeestimation.
We shaw theapplicabilityof thisobjectmodelin the
framavork of dynamicstateestimationwith parti-
cle Iters. We presenevaluationsof the estimation
accuray for differentobjectsandtrajectoriesunder
controlledconditions.

This contritution is organizedasfollows. In the
next sectionwe rst give anintroductionto light-
eld objectmodels.We describethe taskof model
generationfor the objectswe have used. After-
wards we statethetaskof 3-D objecttrackingin the
probabilisticframevork of Bayesianstateestima-
tion. We shortly review the particle Iter approach
to sequentiaktateestimationthathasbeenusedfor
the tracking experimentsthroughoutthis paper In
this contet of particle Iters a discussiornfollows
of the correlationbasedmagesimilarity metricwe
have choserto de ne alikelihood probability den-
sity function (pdf) for weightingtheindividual par
ticles. Theexperimentsve conductedswell asthe
obtainedresultsare nally presentedn Sectiord.

2 Light-Fields

In contrasto model-basedenderindight- elds use
cameramagesof real scenesandobjectsto render
new views of thesescenesand objectsfrom arbi-
trary viewpoints, without having an explicit geo-
metricmodel. The advantage®f thistechniqueare
thatobjectsandscenesanbereproducedn photo-

realisticquality including even effects of specular
ity, andthatimagescanberenderedjuickly despite
acomple geometryof the scene.

The idea behindlight- elds is that eachimage
canbe consideredasa bundle of light rays,where
eachrayis emittedfrom acertainpointonthescene
surfacein a certaindirectiontowardsthe centerof
projectionof the camera.Thusthe light- eld con-
sistsof a collectionof light rays,whereevery sur
facepoint hasbeensampledrom a numberof dif-
ferentdirections. An imagefrom a newvw andprevi-
ously unsampledviewpoint is then constructedy
looking for the closestknown raysto eachof the
light raysin theimageandinterpolatingtheirinten-
sity overthem.

Storinga light- eld is a questionof parameter
izing the known light rays. In the original papers
[4, 11] light- elds have beenparameterizedising
two planes,althoughother parameterizationbave
beenproposedsee[15] for references)Eachplane
consistof aregulargrid in world spacewhereone
grid holdsthepositionsof thecamera®f eachview,
andtheotheris usuallysetto thedistanceof theim-
ageplanes.

Theproblemwith this parameterizatiois thatei-
ther the camerashave to be setto thesegrid posi-
tions while samplingthe scenewhich canbe done
usinga sophisticatednechanicabketup,or thatthe
imagesarewarpedafterrecordingsuchthatthey t
into the two-planegrid, introducinga lossin qual-
ity. Thereforethelight- elds usedherearestoredas
so-calledfree form light- elds asdescribedn [7].
They areageneralizatiorf thetwo-planeapproach
asthey allow camerago be situatedon anarbitrary
but corvex mesharoundthe scene.

This con guration s very suitablefor the object
representatiohere,asthe camerausedfor record-
ing the imagesof the objectswas mountedon a
moving robotarmabore aturntablesothatthecam-
erapositionsare situatedon a hemispherearound
the object. By using the hardware acceleration
schemedescribedin [15] it is possibleto render
severalimagesof theobjectpersecondusingafree
form light- eld.

Anotherway to improve the resultsof light- eld
renderingis to usedepthinformation, asit allows
to identify the exactlocationon the surfaceof the
scenewhereit is intersectedby a certainlight ray
andto nd thecorrespondindtnown light raysnec-
essanyfor interpolation.Neverthelessn the experi-
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mentsdescribedaterthe scenedepthfor eachview
is approximatediy a planethroughthe object, re-
sultingat somepointsin a superpositioningf se/-
eralimagesalsoreferredto asghostingartifacts.

2.1 Light-Fields asObject Models

In theremaindenof thissectiorwe describehegen-
erationof thelight- eld objectmodels.In orderto
recordthe imagesof eachobjectwe usethe setup
shawvn in Figurel. A cameras mountedon arobot
arm above a turntablewhich both can be moved
(tilted or rotatedrespectiely) by stepmotors.

Robotarm

Camera

Figure 1: Turntableand robot arm assemblyfor
light- eld sampling.

Using this setupthe cameraf the sampledor
reconstructinghelight- eld areplacedon a hemi-
spherearoundthe objectasshavn in Figure2. To
reacha uniform sampling,the numberof samples
taken for eachrotation wasreducedthe higherup
the cameraposition was on the hemisphere. The
intrinsic cameraparametersvere calibratedauto-
maticallyfrom thesampldmagesusingaprocedure
similarto [9]. For thefocal lengthaninitial value
was usedwhich is closeto the real valueto reach
morestableresults.In generathisinitialization can

Cameraposition( i; )T

Figure 2: Geometriccon guration for light- eld
sampling.

be an arbitrary value. The camerapositionswere
thencomputedusingtheangles and of therobot
armandtheturntable.

While it is possibleto useautomaticcameracali-
brationfor the extrinsic camergparametersiswell,
in mary casesit doesnot lead to satisfying re-
sults. Especiallyon objectswith specularsurface
or mostly uniform texture the featuretracking al-
gorithm often fails to generateenoughpoint cor-
respondencef®r calibratingthe whole hemisphere
of images.Thereforewe decidedagainstthis auto-
maticcalibration,asotherwisethechoiceof objects
would bereducedoo much.Calibrationwould also
yield depth information for the point correspon-
dencesas a byproduct,which is thus unavailable.
Insteadwe approximatedepth information using
planesat the meandistanceof the objectfrom the
cameras.Eachplaneis parallelto the imageplane
of thecorrespondingameraj.e.,alocal depthmap
asin [7] without depthcorrection[4].

Oncethe light- eld of the objectmodelis cre-
ated,arbitraryviews canbe renderedrom it. The
virtual cameracoordinatesare parameterizedsing
thetwo angleson the hemispheret a standardis-
tancefrom its center Variationsin size of the ob-
jectto trackmayoriginatefrom achangingdistance
of the cameraor a differentfocal length. Due to
constraintsin the hardware-acceleratefree form
light- eld rendereweuse wemodelsizevariations
by adjustingthe eld-of-view of the camerawhich
correspondso achangen focallength.
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3 Object Tracking by Particle Filters

Visual 3-D Objecttrackingis in generalseenasa
sequentiabktateestimationproblem.The unknawn,
varying state of the object at a certain timestep,
e.g., its current 3-D position, its velocity, or its
pose,hasto be estimatedfrom a sequencef ob-
senationsmadeby oneor morecamerasip to this
time. Formulatingthe problemin aBayesiarframe-
work, objecttrackingmeanghe sequentiakstima-
tion of the a posterioripdf p( ,jh i¢) attimet of
thestates , giventhethesequencef obserations
hiv= (100 1.

The posteriorpdf p( ;jh it) canberecursvely
calculatedusingBayes'formula

p( h iv) = (—129( d JpC Jdhic 1) (1)

with ¢ beinga normalizingconstant.Equation(1)
involvestwo pdfs, rst of whichisthesocalledtem-
poralprior p( (jh it 1) thatrealizestherecursion
andthatis obtainedby

VA

p( hic 1) = p( 4 ¢ JP( ¢ Jhic 1)d
2

The pdf p( ;j ; 1), the statetransition, models
the evolution of the objects stateover time. It is
assumedhat the statedependsonly on its direct
predecessandthereforestateevolution shaws the
Markovian property
The secondpdf neededin (1) is the likelihood

p( tj ). Thelikelihoodis usedto modelthe pro-
cessthat generatesin obseration given a certain
stateof the object. For example,it couldmodelthe
perspectie projectionof the objectontotheimage
planeof a cameraby additionally taking into ac-
countbackgroundclutter and sensomoise. Eval-
uating the likelihood for an obseration measures
how likely this obsenationis, givena certainstate.
In the context of (1) the likelihood canbe seenas
weighting the predictedstatesfrom the temporal
prior accordingto the actualavailable obseration

t. In Section3.2we presenthelikelihoodpdfthat
hasbeenusedlateron for the experiments.

3.1 Particle Filters

Theproblemwith equationg1) and(2) for sequen-
tial stateestimationis, thatfor mostcasesthey can
not be evaluatedin closedform. In generalnot

only the posteriorpdf but alsothelikelihoodpdf is
multimodalandnot analyticallydescribableThese
two properties nally malke the integral in (2) in-
tractable. Only in few specialcaseghereexists a
solutionto the recursionandthe posteriorpdf can
be computed. One of thesespecialcasesis han-
dledby the Kalman Iter andits relatives[1]. If all
involved pdfs are Gaussiarand if the statetransi-
tion andtheobserationprocessanbedescribedy
linear equationssuperimposedy white Gaussian
noise,thenthe posteriorpdf remainsGaussiawith
the meanandcovariancecalculatedby the Kalman
Iter equations.

This specialcaseof stateestimationis not sat-
isfactory for applicationsin computervision. For
example,just the useof the simplepinholecamera
modelintroducesa nonlinearityin the obseration
process.Additionally, the likelihood pdf is multi-
modalin generaldueto clutter, i.e., detectedfea-
turesnot originating from the object but from the
backgroundThis all causeshe posteriomdf to be-
comemultimodalandthereforeprohibitsthe useof
theKalman Iter.

Particle Filters (PF) — rstly introducedto the
computervision communityunderthe nameCon-
densatioralgorithmby [8] — offer away out of this
situation. In PFsthe posteriorpdf is approximated
by a nite setof N weightedsamples.Eachsam-
ple represents certainstateandits weightis pro-
portionalto the value of the posteriorfor this state.
The PF propagateshesesampleghroughtime ac-
cording to the following scheme. At rst, in the
so calledpredictionsten N new i.i.d. samplesare
drawvn from the current posteriorsampleset. To
eachof thesenewv samplesthe dynamic modelis
applied(t ! t+ 1). Accordingto the Monte-Carlo
methodof composition18] thisleadstoi.i.d. sam-
plesfromthetemporalprior (cf. (2)). Afterwards,in
theupdatestep thesesamplegetweightedwith re-
spectto the currentobseration andthe likelihood.
Now, a samplesetrepresentationf the posteriorat
timet + 1 exists,andthe lter restartswith thepre-
diction step.

3.2 Likelihood Computation

We modelthedistribution of the obsenationsgiven
a certainstateby a Gibbs distribution, which is a
commonlyusedtechnique[3]. The pdf of the dis-

666



tributionis givenby

P )= 2epl ECi Ol @)

with z being a normalizing constant. The term
E( 4t ;) wWithE( ¢j ;) 0)canbeinterpreted
asanenegy. This enegy shouldbe high, if theim-

agedata : doesnotcorrespondavell to thedatathat
is predictedrom thestate ,. Theenegy shouldbe
low for agoodmatch.

In our case thelight- eld objectmodelpredicts
animageof theobjectassumingcertainstate.This
imagehasto be comparedo theactualobseration.
Therefore,the enegy termE( j ;) hasto mea-
surethe similarity betweenthe predictedobsena-
tion anda certaintarget region in the actually ob-
senedimage.

Theenegy E( tj ) wasde ned by meansof
thenormalizedcorrelation coefcient (NCC).NCC
is acommonsimilarity metricbetweerimagesused
for templatematching.Becauséhelikelihooddef-
inition (3) requireshigh positve enegy for bad
matches,we usedthe reciprocal of the absolute
NCC. Additionally, the absoluteNCC is increased
tothepowerof with > 1. Wecall astrictness
parametebecausehehigherthis parameteis cho-
senthebetterthematchhasto beto nally achieve
ahighlikelihood.

4 Experimental Results

We used three different objects for our experi-
ments(cf. Figure 3): a stuffed elk (elk), a Santa
Clausmadeof porcelain(santg, andatapecassette
(tape.

Figure 3: Objectsusedfor experiments.From left
toright: elk, santg tape

For eachof theseobjectsalight- eld objectmod-
elshasbeenconstructedEachobjectwasrecorded
from 817camergositionsonahemisphereavith the
turntable-armassemblhydescribedn Section2.

To evaluateaccurag of the proposedtracking
techniquegroundtruth dataneedsto be available.
Thereforewe recordedheobjectsagainfrom cam-
erapositionson the hemispherehatweredifferent
from thoseusedfor thegeneratiorof thelight- eld
object models. We used687 imagesfor the elk,
507 imagesfor the santg and 508 imagesfor the
tape Thecamergositionswerestoredwith theim-
ages. Afterwards,object motion can be simulated
by de ning different pathsthrough those camera
positions.For our experimentsve usedthreediffer-
entpathsof length72 thatwerede ned by sampling
sinusoidakurnesoverthearmandturntableangles.
The correspondingamergpositionto eachsample
hasbeenobtainedby using the respectie nearest
neighbor thereforesomecamergpositionsmay ap-
pearmultipletimesin onepath.Figure4 depictsthe
camergositionstogethewith the paths.

Path —— Path 2---- Path3---

turntableangle

robotarmangle

Figure4: Threedifferentpathsof length72through
the camerapositions(dots) on the hemisphereor
the objectelk. For the other objectsthe pathsare
similar.

We deploed a particle Iter for trackingthe ob-
jectson their paths(i.e., actually the camergposi-
tionsareestimated) At eachtimesteptheestimated
stateis takento bethe samplemeanof the posterior
density hencea minimum meansguareestimator
(MMSE) is realized.For the experimentgresented
here,we restrictthe stateto only containthe 3-D
poseparametershamely the two angles and ,
their velocity, andtheir accelerationi.e.,

(==Y ast 4
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For theseexperimentsherescalingis not yet con-
sidered. The distanceof the camerason the hemi-
sphereto the centerof gravity of the objectsis as-
sumedto be x ed. Therefore no positioninforma-
tion is includedin the statevector The dynamicof
the objectis modeledby a linearequationwhereby
the statetransition noise was estimatedfrom the
paths.

In adwanceto the tracking experimentswe de-
terminedthe bestsuitedstrictnesgarameter (cf.
Section3.2). Eachobjectwastracked on all three
pathsat an image resolutionof 128 with =

Theestimationerrorsin  and for eachof the 90
runswereevaluatedandaveraged.To enablecom-
parisorof theresults theaveragedestimatiorerrors
foracertain wereweightedoy thenumberof suc-
cessfullycompletedrackingswith this  (e.g.,for
= 1 only 2 out of the 9 trackingssucceededpr
= 2 it were6). The bestresultswereachieved
for = 8, sowe decidedto usethis valuefor all
subsequergxperiments.

In our mainexperimentsve investigatechow the
performanceof the tracking dependson the num-
berof samplesandon the choserimageresolution.
Eachobjectwastracked on eachpath using three
differentimageresolutions: 642, 12&, and 2567,
andthreedifferentnumbersof sampledor the par
ticle Iter: 50, 100, and200, resultingin a total of
81 experiments.

For someof thecombinationst occurredhatthe
traclker lost the objectanddid not keeptrackingit
alongthe whole path. The numbersof successful
trackingsfor differentresolutionsand numbersof
samplesaresummarizedn Tablel. The gures in
thetablesupportthe expected:the higherthe num-
berof samplesthe higherthe numberof successful
trackings. Detailed evaluationhasshavn that the
elk wasthemostdif cult objectto track.

n out Resolution

of 9 || 64 | 128 | 25¢°
9750 || 6 5 5
o

g[100| 8 8 7
G200 © 9 8

Tablel: Numberof successfullytracked pathsover
all objectsfor differentresolutionsandnumbersof
samples.

After having sorted out the experiments for
which tracking failed, accurag of the tracker can
be evaluated.Accuray is measuredy calculating
the meanabsoluteestimationerror in the angles
and againstthe knovn groundtruth dataof the
constructedmotion paths. The resultsof the eval-
uationsaregivenin Table2 for theangle andin
Table3 for theangle . Fromthesetablesit canbe
seernthattheangle wasestimatednoreaccurately
thantheangle . The averagedmeanabsolutees-
timationerrorfor is 2:522 degreesby a standard
deviation of 0:085 degrees. This smallvariationin
error suggestghat the accurag in estimating is
nearlyindependenbn the chosennumberof sam-
plesandresolution.But, this is not the casefor the
angle . The averagedmeanabsoluteestimation
error is 3:281 degreesby a standarddeviation of
0:36 degrees. The gures in Table3 shawv thates-
timationbecomesnoreaccuratewith anincreasing
numberof samplesbut it becomesnoreinaccurate
with higherimageresolution.This effect—of which
thecausewe have notyetfully understood-is very
usefulfor the purposeof real-timeobjecttracking
wherecomputatiortime is limited andin generala
compromisebetweenaccurag and speedneedsto
beimplemented.In our casethe processingf one
sample,including the renderingof animagefrom
thelight- eld, takesabout0:14 secondsitaresolu-
tion of 64%, 0:19 secondst 128, and0:21 seconds
at256” onaPentiumlll, 800 MHz. Thereforethe

gures suggesto use100 sampledor the particle
lter andanimageresolutionof 64> to achiere the
desiredcompromise.

Error Resolution

in 64 | 128 | 256 | Mean
%_ 50 2.913| 2.441| 2.154 || 2.503
£ 100 2543 | 2.707 | 2.767 || 2.672
8 200 2.610| 2.324 | 2.242 || 2.392

[ [ Mean ]| 2.688] 2.491] 2.388 |

Table 2: Mean absolute estimation errors of
turntableangle for differentresolutionsandnum-
bersof samplesgivenin degreesaveragedover all
successfulltracked pathsandobjects.

Thequalitiesof thetrackingandtherenderedm-
agesare demonstratedh Figure5 exemplarily for
theobjectelk onpathl trackedwith 100 samplesat
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Error Resolution

in 64 | 128 | 256 [ Mean
©T 50 | 3.562] 4.618] 4.320 ] 4.167
€[ 100 || 3.144 | 3.173| 3.323 || 3.213
& 200 |[ 2.400 | 2.375 | 2.614 || 2.463

[ [ Mean]] 3.035] 3.388] 3.419]] |

Table3: Meanabsoluteestimationerrorsof robot
armangle for differentresolutionsand numbers
of samplesgivenin degreesaveragedover all suc-
cessfullytracked pathsandobjects.

aresolutionof 64%. For eachtimestepwe rendered
animagefrom the light- eld object model corre-
spondingto the samplemeanof the posteriordis-
tribution, i.e., correspondindo the estimatecstate.
Theseimagesareplacedbesidetheoriginalimages
from thesequencéo allow for visualcomparisonlt
canbeseerthattheobjects poseis estimatedearly
accurate.

5 Conclusion

In this contritutionwe demonstratetiow light- eld
objectmodelscould be usedfor 3-D objecttrack-
ing with poseestimation. The main advantagef
thelight- eld approactare, rst, thatmodelgener
ationis simplecomparedo geometricobjectmod-
els,andsecondthatmodelscould be generatedor
nearlyeverykind of objectwithoutary prior knowl-
edgeaboutthe object’s geometry We shaved, how
thesemodelst easilyinto theframework of statisti-
calobjecttrackingby de ning alikelihoodfunction
basedon a Gibbs distribution. The presentecex-
perimentakesultscircumstantiatéhatthe proposed
approacthis suitablefor thetaskof poseestimation.
In future experimentghe effect of decreasingc-
curag of the stateestimatorat increasingimage
resolutionneeddurtherinvestigationsPerhapsthe
effectis dueto somekind of noisereductionor blur-
ring that arisesfrom imagescaling. Especially it
shouldbe examined,if accuray still increasesvith
afurtherimagesizereduction.
Additionalimprovementscould be appliedto the
light- eld andthe modelgeneratiorprocessit has
beenmentionedeforein Section2 thatthecamera
positionsneednot be calibratedby handbut canbe
calibratedautomaticallyby tracking point features

resultingin point correspondencdsetweertheim-

ages. The bene ts would be on the onehanda re-
duction of the amountof interactionrequired,and
ontheotherhandtheresultingavailability of depth
informationfrom thecalibrationprocessNeverthe-
lessfor calibrationto work well on a wide enough
variety of objects tracking and calibration algo-
rithms still needto be improved. Apart from that,
depthmapscouldalsobe generatedby the applica-
tion of sterecalgorithmswhich mayevenyield the
betterresults.

Currently we areworking on experimentswith
tracking the objectsin image sequencesecorded
in anof ce environmentwith varyingillumination
andbackground.To accomplishthis task,we have
to dealwith problemsthatoccurin this generalsit-
uation, e.g.,objectscaling,automaticinitialization
of the tracking processcalibrationof the camera
andregistrationof the calibrationparameterso the
light- eld parameters.
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