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Abstract

In surveillanceapplications,it is commonto havemul-
tiple cameans observingtargets exhibiting motion on a
groundplane Tradking and estimationof the location of
atargetontheplanebecomesnimportantinferenceprob-
lem. In this paper we studythe problemof combininges-
timatesof location obtainedfrom multiple cameas. We
modelthe relation betweerthe uncertaintyin the location
estimationto the positionand location of the camen with
respecto the plane (which is encodedby a 2D projective
transformation). This is addressedby a theoetical study
of the propertiesof a randomvariable undera projective
transformationand analysisof the geometricsettingwhen
the momentf the transformed-andomvariable exist. In
this context, we prove that ground planetracking near the
horizonline is ofteninaccurate Using suitable approxi-
mationsto computethe momentsa minimumvariancees-
timator is designedto fusethe multi-camea location es-
timates.Finally, we presentexperimentalkresultsthatillus-
tratetheimportanceof sudh modelingn locationestimation
andtradking.

1. Intr oduction

Tracking objectsusing obserationsacquiredby multi-
ple camerasgs a problemthat hasrecentlyreceved much
attention.In mary casesespeciallyin sunweillance thetar
get motion is constrainecover a plane (referredto asthe
groundplane).Thepresencef thegroundplaneprovidesa
strongconstrainthatallows for well conditionedsolutions
to mary practicalproblemsjncludingtracking,registration,
mensuratiorandstructureestimation.

Thereexist mary algorithmsthattrackobjectsonaplane
usingasingleor multi-camerasThealgorithmin [15] uses
a Kalman lter to tracklocationandvelocity on the plane
with the obsenation noise model obtainedby lineariza-
tion of the homograpl betweentheimageandthe ground
plane.

Multi-cameratracking algorithms[4, 7, 8] alsousethe

homographieso projectinputs from backgroundsubtrac-
tion ontothe groundplane. Typically, dataassociatiorand
targetslocalizationare achieved from consensubetween
projectionsfrom eachof the cameras. The individual al-
gorithmsdiffer in their processingf theinputsfrom back-
ground subtractionand how the objectsare subsequently
tracked. For example,in [8], the vertical axis from each
segmentedhumanis extractedin eachview andthe inter-
sectionof their projectionson the groundplaneis usedto
localizethe person.Theintersectiorpointsarethen Itered
usinga particle Iter. In contrast,the algorithmproposed
in [7], achiezesconsensusgy projectingforegroundlik eli-
hoodimagesfrom eachview to areferenceview. Peaksn
the joint likelihood image are thresholdedand segmented
usingagraph-cutalgorithm

The main focus of thesealgorithmsis on dataassocia-
tion acrossviews androbusttrackingacrossocclusionand
when backgroundsubtractionis poor All the algorithms
treatinputsfromdifferentviewsidentically, andthe experi-
mentatiorhasbeenover viewsthat are similar.

Motivation: Considetthefour views of agroundplane
shavn in Figure1l. The camerasare placedto obtainvery
differentviews of theplane.Givenanobjectsimultaneously
obsenedatall four camerasye areinterestedn estimating
its locationon the plane.Differentviewsresolvethetargets
at differentresolutionsandin turn estimate®f thelocation
onthe planehavedifferentvariances

In this paper we presenthetheoryfor modelingthere-
lation betweenthe camera-plangeometryto the variance
of locationestimate®n the groundplane.We begin by an-
alyzinghow randomvariablestransformundera projectve
transformation.The non-linearityof a projective transfor
mationleadsto interestingformsfor the distribution of the
transformedrandomvariable, even whenthe original ran-
dom variablehasa Normal distribution. Further we shav
thatwhencertaingeometricpropertiesare satis ed, a pro-
jectivetransformatiommapsNormaldistributionsto Normal
distributions. This allows usto computeéhemomentsf the
transformedandonmvariablesusingthe Unscentedransfor
mation[6]. We alsoshaw the relevanceof suchmodeling



Figure 1. Four camerasobservinga scenewith dominantplanar
motion. The sameobjecton the planeis imagedat differentreso-
lution ontodifferentcameras.
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Figure2. A schematicshaving densitieson the image planesof
camerasndtheir transformation$o the groundplane.

in the context of dynamicalsystemsusedto track objects
onthe plane,with extensiongo includemultiple targetsas
well.

2. Problem Statement

Figure 2 shaws an exampleof threecamerasA; B and
C looking ataplane , with theimageplaneof B parallel
to . In contrast,the imageplanesof A andC are per
pendicularto . Also shavn on the image planesof the
cameragreiso-errorcontourgepresentingheimageplane
distribution ateachcameraThehomographiebetweerthe
camerasndtheplane areHa ,Hg andH¢ respec-
tively. In this setup,Hg is notfully projectve, de ning
only anaf ne transformationasopposedoH, andHc
whichinducestrongperspectie distortions.We would ex-
pectthe densityon B to retainits original form (similar
erroriso-contoursywhenprojectedonto the plane.

Supposéhat we have a setupwith M cameradabeled
1;:::;M. Letu;;i = 1;:::;M bethelocationestimate
on the imageplaneof eachcamera. By applyingthe cor

respondinghomograpl betweenthe i-th cameraand the
groundplane,we obtainx; = H; uj, the estimateof lo-

cationon the groundplane. Givenx;;i = 1;:::;M the
estimategrom M cameraSimultaneously)bservmgatar—

geton the plane,we would like to fusethem. From Figure
2 it is clearthatthe x; s arenotidentically distributed,even
if uj are |dtgnt|cally distributed Using the samplemean
x = (1=M) I; x; mightnotbeoptimal(say in themin-

imum variancesense)A clever estimatoror fusionscheme
would usethe distribution of the x;'s appropriately This

requiresa carefulstudyof how randomvariablestransform
underprojective transformationsWhile [2],[12] have stud-
ied how to de ne measuresind densitieson the spaceof

homographiesto our knowledge a study of how random
variableswrap acrossa homograpl hasnot beenconsid-
eredespeciallyin the contet of vision applications.

3. Derivation of the Distrib ution

In therestof the paperwe usebold text to identify vec-
tors (from scalars),underliningto represenvectorsin ho-
mogeneougoordinatesaand CAPITAL lettersfor matrices
andrandomvariables.Let H = [h1;hs;h3]" bethe ma-
trix de ning thehomograpk from imageplanecoordinates
to the groundplanecoordinategundersomechoiceof co-
ordinatesystemson bothplanes).Givenu = (u;v)" 2 R?
a point on the imageplane,we canget the corresponding
pointontheplanex = (x;y)' as:

x=Hu 1)

Therelationbetweeru andx is linearin theirhomoge-
neousform. Whenu andx are nite points,(1) canbere-
castasanon-linearequatiorcalledtheDirectLinear Trans-
form (DLT).
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LetZy = (Zy;Zy)" betherandomvariablemodeling
the uncertaintyin locationon theimageplaneof a camera,

andZy = (ZX;Zy)T be the randomvariableproducedby
transformingZy using(2), i.e,

7. = hi"z, — huZy+hpZy+his

X hsTZ, hs1Zu+h3Zy+hs
3)

Z - h2T;U - h212u+hzzzv+h23

y hsTZ, hs1Zy+h3Zy+hgs

whereh; = (hi1;hiz;his)T;i = 1;2;3.

To proceedurther, we needto know the distribution of
Zy . Let us supposehat the true location on the ground
planeis xo = (Xo;Yo)", andasa consequenc the ab-
senceof noise,the locationon the imageplanebe uy =
(uo;Vo)T suchthatug = H *xo. However, noisefrom
two sourcegorruptthe obsenationof ug:



Imaging: Sampling on the image plane to produce
frames,ntroducesauniform noiseof one-pixel areaateach
pixel. This erroris fundamentato theimagingmodality

Modeling Err ors: A moresigni cant sourceof erroris
in the assumption®f planarmotion. While we areinter-
estedin the locationof a dimensionlesgoint on the plane,
in practicethe target hasform andthe point of interestis
associateavith somereferencepointonthetarget,with the
restof the target con guration de ned with respectto this
point. In complicatedobjectssuchashumansa choiceof
referencepoint doesnt arisenaturally Further suchpoints
are also subjectto self-occlusionand parallax contritut-
ing to modelingerrors. Unlike the noiseintroducedby the
imaging sensor statisticalcharacterizatiomf modelinger
ror is speci c to theproblembeingstudied.

In practice, densitieson image planes can possibly
be multi-modal and are commonly modeled using non-
parametricmethods(Kernels, Particle lters). However,
given the non-linearity of the homograph transformation
(3), analytictractability andinferencebecomedlif cult for
complicatedmageplanedensities.For this reasonwe as-
sumethatthe statespaceon the imageplaneis just the lo-
cation (hence,two dimensional)andthat Z, is bivariate
Normal.

Zy N(mo;So) 4)
u 2
mo = me 1 So = ! Y %)
Mg u v v

We alsoassuméhatthe covariancematrix Sy is a constant,
notdependenbnthemeanmy.

3.1.Ratio of GaussiandDistrib ution
Z\ is assumedo have a Normal distribution, implying

thathiT;U ;i = 1;2; 3 areunivariateNormal.

hi'z, N(@m; 2);i=123 (6)

mi = h;"m,
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Furtherthecorrelation j betweerh;" Z,, andh;' Z,, for
i 6 j isgivenas:

~_ hithjs 3+ highja 2+ (hishjo + hishj1)
I} - .

i
(8)
From (3) and(7), bothZ, andZ, arisefrom ratios of
Normal densities. A detailedcharacterizatiorof ratio of
Normaldensitiescanbefoundin [10, 11]. We only present
themaindetailshere.
To begin, we concentrateon the form of the distribu-
tion of Z,. Zx canbe written asthe ratio of th;U and

hgT;U . ThoughZ, is a ratio of two non-standardtor-
relatedNormal randomvariables,its form canbe derived
from that of theratio of two independenstandardNormal
variableq10]. Speci cally, Z, canbewrittenas

Zx Cx + deax b (9)

wherec, anddy arescalarsandW,, ., is a Ratioof In-
dependenStandad Normalsof the form:

Zq1+ ay
Wy p= —— %
&b T 74 b

whereZ; andZ, areindependenstandardNormalran-
domvariables.
Theexpressiongor ¢ ; dy ; ax andb aregivenbelow.

jax > 0;b>0 (20)

. . . T .
b= Jmsj - Jh3 mOJ (11)
3 3
_dmi= 1 asmg=gj _ j(ha= 1 1zhs= 3)Tmyj
ax = P > = P >
1 1 1 1
q (12)
6= plidi= 1 G (13)

The distribution of Zy dependscritically on that of
W,, b, asits distribution canbe derived from W, _., from
scaling(dy) andtranslation(cy). Thedistribution of Wj_ .p
canbe showvn to be a weightedsumof atwo densitiespne
of which f ; is Caucly while the otherf , hasananalytical
expressiorasgivenbelow.

fwa, o (1) = Pxfa() + (1 p)fa(t) (14)
wheref ; is theCaucly density

1

fa(t) = EED)

(15)

and0 < px < 1is aweightassociatedvith the Caucly
term.
P = e FETH) (16)

Thecomponenf , hasaform,
qROqe 20¢ a)dy
(1+ t2)(ez(@+b) 1)

b+ a.t
q= p—— (17

fa(t) =

Thederivationof thedensityof Z, is identical replacing
thestatisticsassociatesvith hy " Z,; with thoseofh, ' Z,; .
Theform of thedensityremainghesamenamelyamixture
of atwo component®neof whichis Caucly. Further for
ageneralproblemsetupZ, andZ, arecorrelatedvhichis
unde nedlike othermomentsof the Caucly distribution.

In this regard, analyzingthe form of the densitiesof Z
andZ, andits dependencen the homograplk H andthe
truelocationof thetargetontheplanexg is important.



3.2.Implications of the form of the Distrib ution

The presencef the Caucly componentmpliesthatthe
mean,varianceandin general highermomentdor Z, and
Zy arenotde ned. This leadsto a casewhereweak/strong
laws of largenumbersarenotapplicable.To answemques-
tion posedearlier estimatesud asthe samplemeanwill
not corverge asymptotically However, whenthe Caucly
componentis weak (i.e py andpy is very small), we can
ignorethe presencef the Caucly distribution andapproxi-
matethe density We rst studythe geometricsettingwhen
the Caucly components of negligible probability.

Lemma: Thestrengthof the Caucly componenp, (py)
in thedistribution of Zy (Zy) depend®nthedistanceof the
meanontheimageplanem from the projectionof theline
atin nity 1; ontheimageplane,i.el] my.

Proof: Thehomograpk H canbefactoredinto a hier
archy of transformationsis

2 32 3
1 0 O

540 1 05 (18
0 01 i 1y I3

H=HaHp = 4

whereH » is anafne transformationiH , representsll the
projective partof thetransformatiorwith I; = (I1;12;13)7
in homogeneouform. Thisimpliesthath; = | ; (where

6 Oisascalefactor). msz = hs'mgy = | ] m, isthe
(scaled)distanceof the pointmg from |, . Theclosermg
istol; thesmalleris b= jmgsj= 3. Asbincreasese b
decreased-rom(16), it canbe seenthe py, the strengthof
the Caucly componenin Z, decreasewith increasingb.
An identicalargumentcanbe madefor Z,, .

Corollary: TheCaucly componenin thedistribution of
Zyx andZy is of negligible strengthwhentheimagedpoint
is sufciently faroff from theline atin nity , or

_ hSTmo
3

ms 1 (19)

The strengthof p, and py alsodependon a, and a,
respectrely. Equation(12) shavs that a, is the scaled
distanceof the imagedmeanmg from the line hy= ;

13h3= 3. Unlike b, which measureshe distancerom the
line atin nity , thereis no geometricinterpretationfor ay
(anday).

Marsagilia [10] shavs that when the strengthof the
Caucly componenis nggligible, theoveralldistributioncan
be approximatedvith extremelyhigh accurag with a Nor-
mal density the parameter®f which are obtainedthrough
numericaimethods However, we avoid thenumericatech-
niguesdescribedn [10] for computationateasons.

ThefactthatNormal densitiesmapto Normal densities
underthe projective transformation(and assuminghe re-
guirementsof (19) are satis ed) implies that the transfor
mationof the randomvariableundera projectie transfor

mationcanbe modeledpoint-wiseasanaf ne transforma-
tion, the parametersf which are dependenbn the mean
mgo. Theafnity doesnot extendto a transformatiorover
aregion becaus®f the natureof the dependencef the pa-
rameterson themeanm. However, giventhe smoothness
of suchmaps,in generala local af ne approximationstill
remainsvalid over small neighborhoodsaslong asthe re-
gionthatisimagedsufciently farawayfrom theprojection
of theLine atIn nity . Suchlocally af ne modelshave been
usedin existing literature[9], [13] for geometriogrouping.
Themainresultof thetheorypresente@boveis in estab-
lishingtheexistenceof momentof thetransformedandom
variablewhentheconditionsof (19) aresatis ed. However,
analyticalcomputationof thesemomentsis not easy asit
involvespropagtingthe momentsf Z; througha projec-
tivity, which is in-generalnon-linear Instead,we resortto
approximatiormethodso computethe momentsof Zx .

3.3. Propagating Moments using the Unscented
Transformation

An efcient approximation method to compute the
meansand covariancesof Zy is by using the Unscented
Transformation[6]. The unscentedransformis usedto
propagte the meansand covarianceshrougha determin-
istic choice of points called sigma points and associated
weights.

The momentsof the transformedrandomvariable are
computedasfollows. First, we generatehe sigmapoints
i;1=0;:::;2n, andtheassociateaveightsw;, wheren,
is thedimensionalityof Z , whichin oursettingisn, = 2.
The sigmapoints are generatedising the following selec-

tion schemd14].

0= Mo
i=mo+  ( +ny)Sy i= 100y
p_— ! .
he+i = Mo ( +ny)So i=1::::n
I

(20)
where is aconstanscalarand p( +ny)Sy isthei-

I
th row of thematrixsquareootof (n, + )Sp. Theweights
take valuesasfollows:

o =( +ny) i=0
Wis  4-2( +ny) 160 (21)
Eachsigmapointis propagtedusingthe homograph
1 hi' .
= = - i=0:00:2n 22
i hgTii hZT_i u ( )

Theestimatefor themean o andvarcovariancematrix
& of Zy isgivenas,
P an, +1 i

i=0 i
wi( i ") i ")t @3)

Ny =

X P 2n, +1
0o - i=0



The choiceof thevalueof is important. For our pur-
posesgiven that the randomvariableZ, is bivariate,we
choose = 3 ny = 1. This particularchoicehasnice
propertiesthat arediscussedn [14]. The estimatesf the
meanand var-covariancematrix are accurateupto second
order[14], moreaccuratghanasimple rst orderlineariza-
tion.

In the next section,we derive a minimum varianceesti-
matorfor fusing locationestimatedrom multiple cameras
using var-covariancemodelslearnedby applying the un-
scentedransformat eachcamera.

4. Location Estimation from Multiple Cameras

GivenM camerasandthehomograpk matriceH;;i =

we provide an algorithmfor fusinglocationestimatesLet
U; be the randomvariable modeling the target location
on the image plane of the i-th camera. We rst assume
that the randomvariablesf U g, are statistically inde-
pendent.This assumptioris justi ed for imaging(sensor)
noise.However, thereareinstancesuchasocclusion,par
allaxwhenthenoiseis dueto anerrorin modeling.In such
casesthenoises/errorarecorrelatedacrossamerasHow-
ever, estimationof this correlationis complicated.For this
reasonwe assumehat the randomvariablesareindepen-
dent.

Thedistribution of U; comesfrom the outputof atrack-
ing algorithm or a detectionalgorithm. We however are
only interestedn themeanm; andthecovariancess; of the
distribution. If theunderlyingtracler is indeeda Kalmanor
aParticleFilter [3], thenwe canreadily obtainestimateof
meanand the covariancesas outputs. In caseswhenthis
is not possible(suchasthe KLT ), we assuméhe meanto
bethe obsenationtracker outputitself andassumesuitable
valuesfor the var-covariancematrices.

We usethe unscentedransformationdescribedn sec-
tion 3.3, to get estimatesof mean”; and var-covariance
matrix "X of X; the randomvariable modelinglocation
on the planeas estimatedfrom the i-th camera. A mini-
mumvarianceestimateor thelocationonthe groundplane
cannow be derived. Assumingthat the estimates®; are
unbiased® (or E(%) = the true taget location), it
can be easily shavn that the minimum varianceestimate
Ay = (M Ny)T isde nedas,

X AXy 1
Ny = A B VAVAN (24)
i=1
0 1,
X AXy 1
my = @ ( j A (25)

j=t1

1This assumptiorcan be proved underconditionsidentical to the re-
quirementof (19). Thederivationis omitteddueto spaceconstrainst.

It canbeshavn thatamongtheclassof linearestimators,
theonede nedin (24)is optimalin the senseof minimum
variance. Finally, the varianceof the minimum variance
estimators®, and”y canbecomputedrom (24).

0 1,

X
varcovar'y = yy = @ (") A (26)
j=1

Now, giventhehomograpl matricedor asetof cameras
observinga plane,we cancomputeandplot the varianceof
the minimum varianceestimatoras a function of the true
mean on the groundplane. Figures3 and4 shav such
plots.

4.1.Dynamical system

In mostcaseswe areinterestedn trackingthe location
with time (andnot just a static estimation). We formulate
a discretetime dynamicalsystemfor locationtrackingon
the plane. The statespacecomprisesof the locationand
velocity on the groundplane. Let x; be the statespaceat
timet, Xy = [XYi;X; %]’ 2 R* The stateevolution
equationsarede ned usinga constantelocity model.

Xt 1+ 1y (27)

1
_ 0
Xt = 1
0

coor
coro
roro

where! ; is a noiseprocess. The obseration modeluses
the meanandcovariancemodelsderivedin section3. The
obsenation vectory; 2 R?™ is just the stackof location
meansestimatedrom eachcamerausingunscentedrans-
formation. The obsenationmodelis givenas,

: : Xt + ( Xt) ¢ (28)
M 1 000
0100

where  is azeromeannoiseprocesswith anidentity var-

covariancematrix. ( x) setsthevarcovariancematrix of
theoverall noise,andis de ned as,

2

[N

x(xt) 0O2x2 3
(x¢)= 2 : : EZJ (29)
0O2x2 "M ()
where0,x, is a 2x2 matrix with zero for all entries,and
I (x¢) is the var-covariancematrix of Z}, whenthe true
locationof thetargeton the groundplaneis X; .
Theobserationmodelin (28) is a multi-view extension
of acompleteobsenrermodel,andformsthecoreof thepro-
posedfusion methodology Therearetwo importantthings
thatthis modelcaptures.



The noisepropertiesof the obserationsfrom the dif-
ferentview aredifferent,andthe var-covariancesde-
pendnotonly ontheview, but alsoonthetruelocation
of thetamgetx,. This dependancis encodedn

TheMLE of x; (i.e thevalueof x; thatmaximizeshe
probabilityp(yjxt)) is theminimumvarianceestima-
tor describedn the previoussection.

Tracking of target(s) can now be performedusing a
Kalman or Particle Filter dependingon the natureof the
datasetWe presentexamplesof bothin our experiments.

5. Experiments and Results

Severaltechniquesxist for gettingthe homograpk be-
tweena cameraview andthe groundplanewhich is iden-
tical to metricrecti cation of the plane[5]. The homogra-
phy matricesestimatedusingsuchtechniquedor different
viewstypically differ by asimilarity transformation\We ex-
plicitly registerthreenon-collineampointsbetweerpairsof
views sothatthelocal coordinate®n the groundplaneare
identicalfrom all views. Thetop-viev thusobtainedfrom
eachview is expectedo beregisteredbarringparallax.

5.1.Variance Maps for Static Estimation

Using homograpk matricescomputedor eachview in
cameranetwork, we cancomputethevar-covariancematrix
over regions of intereston the plane,using the unscented
transformatiorat eachcamera.Figure 3 shavs the results
over the four cameranetwork (of Figurel). Thevariances
are plotted as a function over the plane. It is seenthat
thevariancesncreaseasoneapproachetheline atin nity
for the correspondingiew. The varianceof the minimum
varianceestimator(equation26) canalsobe computedasa
functionof thetruelocationof thetargetontheplane.Sut
plotsare potentiallyof greatusein camer placemenprob-
lems,whele givena setof cameasanda region of interest
ona plane weare interestedn the placemenbf additional
cameansthatimprove performanceof tracking of targets.

Figure4 shaws similar resultsfor a threecamerasetup
with a highly asymmetricatamerasetup.The cameracor
respondingto the right-mostcolumn was used ONLY to
provide groundtruth for tracking experimentsof section
5.2. Two of the camerasare placedsuchthatthey canes-
timatethe locationof the targetwith high accurag in only
onedirection. By combiningthe estimategrom both cam-
erassimultaneouslyexploiting the var-covariancemapsit
is possibleto getestimateghat have low variancedn both
directions(lastrow of Figure4.)

5.2.Multi-camera Tracking

Three Camera Setup of Figure 4: We now present
an experimentfor illustrating the needfor suchmodelsin

Figure3. Varianceestimate®of the camerasetupshavn in Figure
1. (top row) Cameraviews (secondrow) Top view of the plane
generatedrom the correspondingiew from the ®rst row (third
row) Varianceestimateof Z, andZ, for eachcameran log-scale
over the groundplane. (lastrow) Variance(in log scale)of the
minimumvarianceocationestimatoralongthetwo axes.

multi-cameratracking, especiallywhen the cameraviews

arehighly asymmetrical.(seeFigure4). Theregion of in-

terestis thechessbhoardndalasemointeris usedto createa
tamget. A color basedsegmentatiommethodis usedto detect
the target createdby the laserpointer The camen corre-

spondingto the right columnis usedjust for providing the
groundtruth.

We comparehetrackingof two systemsonewhoseob-
senation model incorporateshis knowledge (seesection
4.1) and anotherwhich treatsall camerasdentically and
usesanisotropic modelacrosscameras A Kalmantradker
is usedin both systems.The statevariancedearnedfrom
the dataare usedas groundtruth (the third camera). The
trackingresultsareshavn in Figure5. For quantitatve eval-
uation,we computethe symmetricKL-divergencebetween
the output (meanand var-covariance)of the two systems
andthe groundtruth. Visually, thetrackingresultsobtained
by using the proposedmodelsare extremely closeto the
groundtruth andvery smooth.Thevarianceellipsesat var
ious locationson the track demonstratéhe ef cacy of the
modeling. While eachof the camerashasa large uncer
tainty alongoneaxis,the nal estimatehaslow uncertainty
alongbothaxes.

Four Camera Setupof Figure 3: A multi-targettrack-
ing systemwas developedto testthe efcacy of the pro-
posedmodelsover the realistic cameraplacemenbof Fig-
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Tablel. Trackingresultsfor threetargetsoverthe4 cameradataset(bestviewedin color/athighZoom)(left) Snapshotsf trackingoutput
atvarioustimestamps(right) Evaluationof trackingusingSymmetricKL divergencefrom groundtruth. Two systemsarecomparedone
usingthe proposedbsenation modelandthe otherusingisotropic modelsacrosscameras.Eachplot correspondso a differenttarget.
Thetraclkersusingisotropicmodelsswapidentitiesaroundframe6000. The correspondindlL-divergencevaluesgo off scale.

ure 3. The bottom-mostpoint from eachbackgroundsub-
tractedblob at eachcameras extractedandprojectedonto
theworld plane. Associationof this datato traclkersis per

formedusingthe classicalPDAF [1] with datafrom each
cameraassociatedeparately Groundtruth was obtained
usingmarkers.As before two obsenationmodelsarecom-
pared:oneemploying the proposednodelingandonethat
assumegsotropicmodelingacross/iews. Finally, apatrticle
Iter isusedo track,thechoicebeingmotivatedgivenmiss-
ing datapoints due to occlusion. Testingwas performed
over a video of 8000 frameswith threetargetsintroduced
sequentiallyat frames1000,4300and7200. Table1 shavs

tracking resultsfor this experiment. The proposedmodel
consistentlyresultsin lower KL divergenceto the ground
truth.

6. Conclusion

In this paper we motivateanddemonstratéhe needfor
modelingthe in uence of camerapositioningon tracking
and location estimation. We derive how Normal random
variablestransformundera projectvity. Speci cally, we
link the strength of the Caudwy componentn the trans-
formedrandomvariableto thedistanceof thetrue location
of the target in the image plane from the projectionof the
line at in nity of thegroundplane It is our hopethatthis
resultalongwith the derivation of the distribution will be
of greatusein a variety of vision problems. We demon-
stratethe relevanceof the resultfor trackingandlocation
estimation.Onepossibleextensionis in modelingdensities

using kernel methods. However, the analyticalreasoning
becomesmnore challenging. We alsoplanto studythe use
of suchmodelingin camerglacemenandevaluation.
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