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Abstract

In surveillanceapplications,it is commonto havemul-
tiple cameras observing targets exhibiting motion on a
groundplane. Tracking and estimationof the location of
a targeton theplanebecomesan importantinferenceprob-
lem. In this paper, we studythe problemof combininges-
timatesof location obtainedfrom multiple cameras. We
modelthe relation betweenthe uncertaintyin the location
estimationto the positionand location of the camera with
respectto the plane(which is encodedby a 2D projective
transformation). This is addressedby a theoretical study
of the propertiesof a randomvariable undera projective
transformationand analysisof the geometricsettingwhen
the momentsof the transformedrandomvariable exist. In
this context, we prove that groundplanetracking near the
horizon line is often inaccurate. Using suitableapproxi-
mationsto computethemoments,a minimumvariancees-
timator is designedto fusethe multi-camera location es-
timates.Finally, wepresentexperimentalresultsthat illus-
tratetheimportanceofsuchmodelingin locationestimation
andtracking.

1. Intr oduction

Trackingobjectsusingobservationsacquiredby multi-
ple camerasis a problemthat hasrecentlyreceived much
attention.In many cases,especiallyin surveillance,thetar-
get motion is constrainedover a plane(referredto as the
groundplane).Thepresenceof thegroundplaneprovidesa
strongconstraintthatallows for well conditionedsolutions
to many practicalproblems,includingtracking,registration,
mensurationandstructureestimation.

Thereexist many algorithmsthattrackobjectsonaplane
usingasingleor multi-cameras.Thealgorithmin [15] uses
a Kalman�lter to track locationandvelocity on the plane
with the observation noise model obtainedby lineariza-
tion of thehomography betweenthe imageandtheground
plane.

Multi-cameratrackingalgorithms[4, 7, 8] alsousethe

homographiesto project inputs from backgroundsubtrac-
tion onto thegroundplane.Typically, dataassociationand
targets localizationare achieved from consensusbetween
projectionsfrom eachof the cameras.The individual al-
gorithmsdiffer in their processingof theinputsfrom back-
groundsubtractionand 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
localizetheperson.Theintersectionpointsarethen�ltered
usinga particle �lter . In contrast,the algorithmproposed
in [7], achievesconsensusby projectingforegroundlikeli-
hoodimagesfrom eachview to a referenceview. Peaksin
the joint likelihood imageare thresholdedand segmented
usingagraph-cutalgorithm

The main focusof thesealgorithmsis on dataassocia-
tion acrossviews androbust trackingacrossocclusionand
when backgroundsubtractionis poor. All the algorithms
treatinputsfromdifferentviewsidentically, andtheexperi-
mentationhasbeenoverviewsthataresimilar.

Moti vation: Considerthefour views of a groundplane
shown in Figure1. The camerasareplacedto obtainvery
differentviewsof theplane.Givenanobjectsimultaneously
observedatall four cameras,weareinterestedin estimating
its locationon theplane.Differentviewsresolvethetargets
at differentresolutions,andin turn estimatesof thelocation
on theplanehavedifferentvariances.

In this paper, we presentthetheoryfor modelingthere-
lation betweenthe camera-planegeometryto the variance
of locationestimateson thegroundplane.We begin by an-
alyzinghow randomvariablestransformundera projective
transformation.The non-linearityof a projective transfor-
mationleadsto interestingformsfor thedistribution of the
transformedrandomvariable,even whenthe original ran-
dom variablehasa Normaldistribution. Further, we show
thatwhencertaingeometricpropertiesaresatis�ed, a pro-
jectivetransformationmapsNormaldistributionsto Normal
distributions.Thisallowsusto computethemomentsof the
transformedrandomvariablesusingtheUnscentedtransfor-
mation[6]. We alsoshow the relevanceof suchmodeling
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Figure1. Four camerasobservinga scenewith dominantplanar
motion. Thesameobjecton theplaneis imagedat differentreso-
lution ontodifferentcameras.
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Figure2. A schematicshowing densitieson the imageplanesof
camerasandtheir transformationsto thegroundplane.

in the context of dynamicalsystemsusedto track objects
on theplane,with extensionsto includemultiple targetsas
well.

2. ProblemStatement

Figure2 shows an exampleof threecamerasA; B and
C looking at a plane� , with theimageplaneof B parallel
to � . In contrast,the imageplanesof A and C are per-
pendicularto � . Also shown on the imageplanesof the
camerasareiso-errorcontoursrepresentingtheimageplane
distributionateachcamera.Thehomographiesbetweenthe
camerasandtheplane� areH A � , HB � andHC � respec-
tively. In this setup,HB � is not fully projective, de�ning
only anaf�ne transformation,asopposedto H A � andHC �

which inducestrongperspective distortions.We would ex-
pect the densityon B to retain its original form (similar
erroriso-contours)whenprojectedon to theplane.

Supposethat we have a setupwith M cameraslabeled
1; : : : ; M . Let u i ; i = 1; : : : ; M be the locationestimate
on the imageplaneof eachcamera.By applyingthe cor-

respondinghomography betweenthe i -th cameraand the
groundplane,we obtainx i = H i � u i , the estimateof lo-
cation on the groundplane. Given x i ; i = 1; : : : ; M the
estimatesfrom M camerassimultaneouslyobservinga tar-
geton theplane,we would like to fusethem. FromFigure
2 it is clearthatthex i s arenot identicallydistributed,even
if u i are identically distributed. Using the samplemean
x = (1=M )

P M
i =1 x i mightnotbeoptimal(say, in themin-

imum variancesense).A clever estimatoror fusionscheme
would usethe distribution of the x i 's appropriately. This
requiresa carefulstudyof how randomvariablestransform
underprojective transformations.While [2],[12] have stud-
ied how to de�ne measuresanddensitieson the spaceof
homographies,to our knowledgea study of how random
variableswrap acrossa homography hasnot beenconsid-
eredespeciallyin thecontext of visionapplications.

3. Derivation of the Distrib ution

In therestof thepaper, we usebold text to identify vec-
tors (from scalars),underliningto representvectorsin ho-
mogeneouscoordinatesandCAPITAL lettersfor matrices
andrandomvariables.Let H = [h1 ; h2 ; h3 ]T be the ma-
trix de�ning thehomography from imageplanecoordinates
to thegroundplanecoordinates(undersomechoiceof co-
ordinatesystemson bothplanes).Givenu = (u; v)T 2 R2

a point on the imageplane,we canget the corresponding
pointon theplanex = (x; y)T as:

x = H u (1)

Therelationbetweenu andx is linear in their homoge-
neousform. Whenu andx are�nite points,(1) canbere-
castasanon-linearequationcalledtheDirectLinearTrans-
form(DLT).

x =
h1

T u

h3
T u

; y =
h2

T u

h3
T u

(2)

Let ZU = (Zu ; Zv )T be the randomvariablemodeling
theuncertaintyin locationon theimageplaneof a camera,
andZX = (Zx ; Zy )T betherandomvariableproducedby
transformingZU using(2), i.e,

Zx = h 1
T Z U

h 3
T Z U

= h11 Z u + h12 Z v + h13
h31 Z u + h32 Z v + h33

Zy = h 2
T Z U

h 3
T Z U

= h21 Z u + h22 Z v + h23
h31 Z u + h32 Z v + h33

(3)

whereh i = (hi 1; hi 2; hi 3)T ; i = 1; 2; 3.
To proceedfurther, we needto know thedistribution of

ZU . Let us supposethat the true location on the ground
planeis x0 = (x0; y0)T , andasa consequencein the ab-
senceof noise,the locationon the imageplanebe u0 =
(u0; v0)T suchthat u0 = H � 1x0 . However, noisefrom
two sourcescorrupttheobservationof u0 :



Imaging: Sampling on the image plane to produce
frames,introducesauniformnoiseof one-pixel areaateach
pixel. Thiserroris fundamentalto theimagingmodality.

Modeling Err ors: A moresigni�cant sourceof error is
in the assumptionsof planarmotion. While we are inter-
estedin the locationof a dimensionlesspoint on theplane,
in practicethe target hasform andthe point of interestis
associatedwith somereferencepointon thetarget,with the
restof the target con�guration de�ned with respectto this
point. In complicatedobjectssuchashumansa choiceof
referencepoint doesn't arisenaturally. Further, suchpoints
are also subject to self-occlusionand parallax contribut-
ing to modelingerrors.Unlike thenoiseintroducedby the
imagingsensor, statisticalcharacterizationof modelinger-
ror is speci�c to theproblembeingstudied.

In practice, densitieson image planes can possibly
be multi-modal and are commonly modeledusing non-
parametricmethods(Kernels,Particle �lters). However,
given the non-linearityof the homography transformation
(3), analytictractabilityandinferencebecomesdif�cult for
complicatedimageplanedensities.For this reason,we as-
sumethat thestatespaceon the imageplaneis just the lo-
cation (hence,two dimensional)and that ZU is bivariate
Normal.

ZU � N (m 0 ; S0) (4)

m 0 =
�

mu
0

mv
0

�
; S0 =

�
� 2

u �� u � v

�� u � v � 2
v

�
(5)

WealsoassumethatthecovariancematrixS0 is aconstant,
notdependenton themeanm 0 .

3.1.Ratio of GaussiansDistrib ution

ZU is assumedto have a Normaldistribution, implying
thath i

T ZU ; i = 1; 2; 3 areunivariateNormal.

h i
T ZU � N (mi ; � 2

i ); i = 1; 2; 3 (6)

mi = h i
T m 0

� 2
i = h2

i 1� 2
u + h2

i 2� 2
v + 2hi 1hi 2�� u � v

(7)

Further, thecorrelation� ij betweenh i
T ZU andh j

T ZU for
i 6= j is givenas:

� ij =
hi 1hj 1� 2

u + hi 2hj 2� 2
v + (hi 1hj 2 + hi 2hj 1)�� u � v

� i � j
(8)

From (3) and(7), both Zx andZy arisefrom ratiosof
Normal densities. A detailedcharacterizationof ratio of
Normaldensitiescanbefoundin [10, 11]. We only present
themaindetailshere.

To begin, we concentrateon the form of the distribu-
tion of Zx . Zx canbe written asthe ratio of h1

T ZU and

h3
T ZU . ThoughZx is a ratio of two non-standardcor-

relatedNormal randomvariables,its form canbe derived
from thatof the ratio of two independentstandardNormal
variables[10]. Speci�cally, Zx canbewrittenas

Zx � cx + dx Wax ;b (9)

wherecx anddx arescalars,andWax ;b is a Ratioof In-
dependentStandard Normalsof theform:

Wax ;b =
Z1 + ax

Z2 + b
; ax > 0; b > 0 (10)

whereZ1 andZ2 areindependentstandardNormalran-
domvariables.

Theexpressionsfor cx ; dx ; ax andbaregivenbelow.

b =
jm3j
� 3

=
jh3

T m 0 j
� 3

(11)

ax =
jm1=� 1 � � 13m3=� 3j

p
1 � � 2

13

=
j(h1=� 1 � � 13h3=� 3)T m 0 j

p
1 � � 2

13
(12)

cx = � 13
� 1

� 3
; dx =

q
1 � � 2

13
� 1

� 3
(13)

The distribution of Zx dependscritically on that of
Wax ;b, as its distribution canbe derived from Wax ;b from
scaling(dx ) andtranslation(cx ). Thedistribution of Wax ;b

canbeshown to bea weightedsumof a two densities,one
of which f 1 is Cauchy while theotherf 2 hasananalytical
expressionasgivenbelow.

f W a x ;b (t) = px f 1(t) + (1 � px )f 2(t) (14)

wheref 1 is theCauchy density,

f 1(t) =
1

� (1 + t2)
(15)

and0 < px < 1 is a weight associatedwith the Cauchy
term.

px = e� 1
2 (a2

x + b2 ) (16)

Thecomponentf 2 hasa form,

f 2(t) =
q

Rq
0 e� 1

2 (x 2 � q2 ) dx

� (1 + t2)(e
1
2 (a2

x + b2 ) � 1)
; q =

b+ ax t
p

1 + t2
(17)

Thederivationof thedensityof Zy is identical,replacing
thestatisticsassociatedwith h1

T ZU with thoseof h2
T ZU .

Theform of thedensityremainsthesame,namelyamixture
of a two componentsoneof which is Cauchy. Further, for
a generalproblemsetupZx andZy arecorrelatedwhich is
unde�nedlikeothermomentsof theCauchy distribution.

In this regard,analyzingtheform of thedensitiesof Zx

andZy andits dependenceon the homography H andthe
truelocationof thetargeton theplanex 0 is important.



3.2.Implications of the form of the Distrib ution

Thepresenceof theCauchy componentimpliesthat the
mean,varianceandin general,highermomentsfor Zx and
Zy arenot de�ned. This leadsto a casewhereweak/strong
lawsof largenumbersarenotapplicable.To answeraques-
tion posedearlier, estimatessuch as the samplemeanwill
not converge asymptotically. However, when the Cauchy
componentis weak (i.e px andpy is very small), we can
ignorethepresenceof theCauchy distributionandapproxi-
matethedensity. We �rst studythegeometricsettingwhen
theCauchy componentis of negligible probability.

Lemma: Thestrengthof theCauchy componentpx (py )
in thedistributionof Zx (Zy ) dependsonthedistanceof the
meanontheimageplanem 0 from theprojectionof theline
at in�nity l1 on theimageplane, i.e lT

1 m 0 .
Proof: Thehomography H canbe factoredinto a hier-

archy of transformationsas

H = HA HP =

2

4
� � �
� � �
0 0 1

3

5

2

4
1 0 0
0 1 0
l1 l2 l3

3

5 (18)

whereHA is anaf�ne transformation,H p representsall the
projectivepartof thetransformationwith l1 = (l1; l2; l3)T

in homogeneousform. This impliesthath3 = �l 1 (where
� 6= 0 is a scalefactor). m3 = h3

T m 0 = �l T
1 m 0 is the

(scaled)distanceof thepoint m 0 from l1 . Thecloserm 0

is to l1 thesmalleris b = jm3j=� 3. As b increases,e� 1
2 b2

decreases.From(16), it canbeseenthepx , thestrengthof
the Cauchy componentin Zx decreaseswith increasingb.
An identicalargumentcanbemadefor Zy . �

Corollary: TheCauchy componentin thedistributionof
Zx andZy is of negligible strengthwhenthe imagedpoint
is suf�ciently faroff from theline at in�nity , or

m3 =
h3

T m 0

� 3
� 1 (19)

The strengthof px and py also dependon ax and ay

respectively. Equation(12) shows that ax is the scaled
distanceof the imagedmeanm 0 from the line h1=� 1 �
� 13h3=� 3. Unlike b, which measuresthedistancefrom the
line at in�nity , thereis no geometricinterpretationfor ax

(anday ).
Marsagilia [10] shows that when the strengthof the

Cauchy componentisnegligible, theoveralldistributioncan
beapproximatedwith extremelyhigh accuracy with a Nor-
mal density, theparametersof which areobtainedthrough
numericalmethods.However, weavoid thenumericaltech-
niquesdescribedin [10] for computationalreasons.

The fact thatNormaldensitiesmapto Normaldensities
underthe projective transformation(andassumingthe re-
quirementsof (19) aresatis�ed) implies that the transfor-
mationof the randomvariableundera projective transfor-

mationcanbemodeledpoint-wiseasanaf�ne transforma-
tion, the parametersof which aredependenton the mean
m 0 . The af�nity doesnot extendto a transformationover
a region becauseof thenatureof thedependenceof thepa-
rameterson themeanm 0 . However, giventhesmoothness
of suchmaps,in generala local af�ne approximationstill
remainsvalid over smallneighborhoods,aslong asthe re-
gionthatis imagedsuf�ciently farawayfrom theprojection
of theLine at In�nity . Suchlocally af�ne modelshavebeen
usedin existing literature[9], [13] for geometricgrouping.

Themainresultof thetheorypresentedaboveis in estab-
lishingtheexistenceof momentsof thetransformedrandom
variablewhentheconditionsof (19)aresatis�ed.However,
analyticalcomputationof thesemomentsis not easy, asit
involvespropagatingthemomentsof ZU througha projec-
tivity, which is in-generalnon-linear. Instead,we resortto
approximationmethodsto computethemomentsof ZX .

3.3. Propagating Moments using the Unscented
Transformation

An ef�cient approximation method to compute the
meansand covariancesof ZX is by using the Unscented
Transformation[6]. The unscentedtransformis usedto
propagate the meansandcovariancesthrougha determin-
istic choice of points called sigma points and associated
weights.

The momentsof the transformedrandomvariableare
computedasfollows. First, we generatethe sigmapoints
� i ; i = 0; : : : ; 2nu andtheassociatedweightswi , wherenu

is thedimensionalityof ZU , which in oursettingis nu = 2.
The sigmapointsaregeneratedusingthe following selec-
tion scheme[14].

� 0 = m 0

� i = m 0 +
� p

(� + nu )S0

�

i
i = 1; : : : ; nu

� n u + i = m 0 �
� p

(� + nu )S0

�

i
i = 1; : : : ; nu

(20)
where� is a constantscalarand

� p
(� + nu )S0

�

i
is thei -

th row of thematrixsquarerootof (nu + � )S0. Theweights
takevaluesasfollows:

wi =
�

�= (� + nu ) i = 0
1=(2(� + nu )) i 6= 0

(21)

Eachsigmapoint is propagatedusingthehomography

� i =
1

h3
T � i

�
h1

T � i

h2
T � i

�
; i = 0; : : : ; 2nu (22)

Theestimatefor themean� 0 andvar-covariancematrix
� X

0 of ZX is givenas,

�̂ 0 =
P 2n u +1

i =0 wi � i

�̂ X
0 =

P 2n u +1
i =0 wi (� i � �̂ 0 )( � i � �̂ 0 )T (23)



The choiceof the valueof � is important. For our pur-
poses,given that the randomvariableZU is bivariate,we
choose� = 3 � nu = 1. This particularchoicehasnice
propertiesthat arediscussedin [14]. The estimatesof the
meanandvar-covariancematrix areaccurateupto second
order[14], moreaccuratethanasimple�rst orderlineariza-
tion.

In thenext section,we derive a minimumvarianceesti-
matorfor fusing locationestimatesfrom multiple cameras
using var-covariancemodelslearnedby applying the un-
scentedtransformateachcamera.

4.Location Estimation fr omMultiple Cameras

GivenM cameras,andthehomography matricesH i ; i =
1; : : : ; M betweenthecameraviews andthegroundplane,
we provide analgorithmfor fusing locationestimates.Let
U i be the randomvariable modeling the target location
on the imageplaneof the i -th camera. We �rst assume
that the randomvariablesf U i gM

i =1 are statistically inde-
pendent.This assumptionis justi�ed for imaging(sensor)
noise.However, thereareinstancessuchasocclusion,par-
allaxwhenthenoiseis dueto anerrorin modeling.In such
cases,thenoises/errorsarecorrelatedacrosscameras.How-
ever, estimationof this correlationis complicated.For this
reason,we assumethat the randomvariablesareindepen-
dent.

Thedistributionof U i comesfrom theoutputof a track-
ing algorithm or a detectionalgorithm. We however are
only interestedin themeanm i andthecovariancesSi of the
distribution. If theunderlyingtracker is indeedaKalmanor
a ParticleFilter [3], thenwe canreadilyobtainestimatesof
meanandthe covariancesasoutputs. In cases,whenthis
is not possible(suchastheKLT ), we assumethemeanto
betheobservationtracker outputitself andassumesuitable
valuesfor thevar-covariancematrices.

We usethe unscentedtransformationdescribedin sec-
tion 3.3, to get estimatesof mean�̂ i and var-covariance
matrix �̂ X

i of X i the randomvariablemodeling location
on the planeas estimatedfrom the i -th camera. A mini-
mumvarianceestimatefor thelocationon thegroundplane
can now be derived. Assumingthat the estimateŝ� i are
unbiased1 (or E(�̂ i ) = � the true target location), it
can be easily shown that the minimum varianceestimate
�̂ X = (�̂ x ; �̂ y )T is de�ned as,

�̂ X =
MX

i =1

�̂ X
i ) � 1� M V �̂ i (24)

� M V =

0

@
MX

j =1

(�̂ X
j ) � 1

1

A

� 1

(25)

1This assumptioncanbe proved underconditionsidentical to the re-
quirementsof (19). Thederivationis omitteddueto spaceconstrainst.

It canbeshown thatamongtheclassof linearestimators,
theonede�ned in (24) is optimal in thesenseof minimum
variance. Finally, the varianceof the minimum variance
estimatorŝ� x and�̂ y canbecomputedfrom (24).

var-covar̂� X = � M V =

0

@
MX

j =1

(�̂ X
j ) � 1

1

A

� 1

(26)

Now, giventhehomography matricesfor asetof cameras
observingaplane,wecancomputeandplot thevarianceof
the minimum varianceestimatoras a function of the true
mean� on the groundplane. Figures3 and4 show such
plots.

4.1.Dynamical system

In mostcases,we areinterestedin trackingthe location
with time (andnot just a staticestimation).We formulate
a discretetime dynamicalsystemfor location trackingon
the plane. The statespacecomprisesof the location and
velocity on the groundplane. Let x t be the statespaceat
time t, x t = [x t ; yt ; _x t ; _yt ]T 2 R4. The stateevolution
equationsarede�ned usingaconstantvelocitymodel.

x t =
�

1 0 1 0
0 1 0 1
0 0 1 0
0 0 0 1

�
x t � 1 + ! t (27)

where! t is a noiseprocess.The observation modeluses
themeanandcovariancemodelsderived in section3. The
observation vectory t 2 R2M is just the stackof location
meansestimatedfrom eachcamerausingunscentedtrans-
formation.Theobservationmodelis givenas,

y t =

2

6
4

�̂ 1
...

�̂ M

3

7
5

t

=

2

6
6
6
6
6
4

1 0 0 0
0 1 0 0
...
1 0 0 0
0 1 0 0

3

7
7
7
7
7
5

x t + �( x t )
 t (28)

where
 t is azeromeannoiseprocesswith anidentityvar-
covariancematrix. �( x t ) setsthevar-covariancematrix of
theoverall noise,andis de�ned as,

�( x t ) =

2

6
4

� 1
x (x t ) � � � 02x2

...
...

...
02x2 � � � �̂ M

x (x t )

3

7
5

1
2

(29)

where02x2 is a 2x2 matrix with zero for all entries,and
� i

x (x t ) is the var-covariancematrix of Z i
X whenthe true

locationof thetargeton thegroundplaneis x t .
Theobservationmodelin (28) is a multi-view extension

of acompleteobservermodel,andformsthecoreof thepro-
posedfusionmethodology. Therearetwo importantthings
thatthismodelcaptures.



� Thenoisepropertiesof theobservationsfrom thedif-
ferentview aredifferent,andthe var-covariancesde-
pendnotonly ontheview, but alsoonthetruelocation
of thetargetx t . Thisdependanceis encodedin � .

� TheMLE of x t (i.e thevalueof x t thatmaximizesthe
probabilityp(y t jx t )) is theminimumvarianceestima-
tor describedin theprevioussection.

Tracking of target(s) can now be performedusing a
Kalman or Particle Filter dependingon the natureof the
dataset.Wepresentexamplesof bothin ourexperiments.

5. Experimentsand Results

Several techniquesexist for gettingthehomography be-
tweena cameraview andthe groundplanewhich is iden-
tical to metric recti�cation of theplane[5]. Thehomogra-
phy matricesestimatedusingsuchtechniquesfor different
viewstypically differ by asimilarity transformation.Weex-
plicitly registerthreenon-collinearpointsbetweenpairsof
views sothat the local coordinateson thegroundplaneare
identicalfrom all views. The top-view thusobtainedfrom
eachview is expectedto beregisteredbarringparallax.

5.1.VarianceMaps for Static Estimation

Usinghomography matricescomputedfor eachview in
cameranetwork, wecancomputethevar-covariancematrix
over regionsof intereston the plane,using the unscented
transformationat eachcamera.Figure3 shows the results
over the four cameranetwork (of Figure1). Thevariances
are plotted as a function over the plane. It is seenthat
thevariancesincreaseasoneapproachestheline at in�nity
for thecorrespondingview. Thevarianceof theminimum
varianceestimator(equation26) canalsobecomputedasa
functionof thetruelocationof thetargeton theplane.Such
plotsarepotentiallyof greatusein camera placementprob-
lems,where givena setof camerasanda region of interest
ona plane, weare interestedin theplacementof additional
camerasthat improveperformanceof trackingof targets.

Figure4 shows similar resultsfor a threecamerasetup
with a highly asymmetricalcamerasetup.Thecameracor-
respondingto the right-mostcolumn was usedONLY to
provide ground truth for tracking experimentsof section
5.2. Two of the camerasareplacedsuchthat they canes-
timatethe locationof thetargetwith high accuracy in only
onedirection. By combiningtheestimatesfrom bothcam-
erassimultaneously, exploiting the var-covariancemapsit
is possibleto getestimatesthathave low variancesin both
directions(lastrow of Figure4.)

5.2.Multi­camera Tracking

Thr ee Camera Setup of Figure 4: We now present
an experimentfor illustrating the needfor suchmodelsin
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Figure3. Varianceestimatesof thecamerasetupshown in Figure
1. (top row) Cameraviews (secondrow) Top view of the plane
generatedfrom the correspondingview from the ®rst row (third
row) Varianceestimateof Zx andZy for eachcamerain log-scale
over the groundplane. (last row) Variance(in log scale)of the
minimumvariancelocationestimatoralongthetwo axes.

multi-cameratracking, especiallywhen the cameraviews
arehighly asymmetrical.(seeFigure4). Theregion of in-
terestis thechessboardandalaserpointeris usedto createa
target.A colorbasedsegmentationmethodis usedto detect
the target createdby the laserpointer. Thecamera corre-
spondingto the right columnis usedjust for providing the
groundtruth.

Wecomparethetrackingof two systems:onewhoseob-
servation model incorporatesthis knowledge(seesection
4.1) and anotherwhich treatsall camerasidentically and
usesanisotropic modelacrosscameras.A Kalmantracker
is usedin both systems.The statevarianceslearnedfrom
the dataareusedasgroundtruth (the third camera).The
trackingresultsareshown in Figure5. For quantitativeeval-
uation,we computethesymmetricKL-divergencebetween
the output (meanand var-covariance)of the two systems
andthegroundtruth. Visually, thetrackingresultsobtained
by using the proposedmodelsare extremely closeto the
groundtruth andvery smooth.Thevarianceellipsesat var-
ious locationson the track demonstratethe ef�cacy of the
modeling. While eachof the camerashasa large uncer-
taintyalongoneaxis,the�nal estimatehaslow uncertainty
alongbothaxes.

Four Camera Setupof Figure 3: A multi-target track-
ing systemwas developedto test the ef�cacy of the pro-
posedmodelsover the realisticcameraplacementof Fig-
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Table1.Trackingresultsfor threetargetsover the4 cameradataset.(bestviewedin color/athighZoom)(left) Snapshotsof trackingoutput
at varioustimestamps.(right) Evaluationof trackingusingSymmetricKL divergencefrom groundtruth. Two systemsarecompared:one
usingthe proposedobservation modelandthe otherusingisotropicmodelsacrosscameras.Eachplot correspondsto a differenttarget.
Thetrackersusingisotropicmodelsswapidentitiesaroundframe6000.ThecorrespondingKL-divergencevaluesgooff scale.

ure 3. The bottom-mostpoint from eachbackgroundsub-
tractedblob at eachcamerais extractedandprojectedonto
theworld plane.Associationof this datato trackersis per-
formedusingtheclassicalJPDAF [1] with datafrom each
cameraassociatedseparately. Groundtruth was obtained
usingmarkers.As before,two observationmodelsarecom-
pared:oneemploying theproposedmodelingandonethat
assumesisotropicmodelingacrossviews. Finally, aparticle
�lter isusedto track,thechoicebeingmotivatedgivenmiss-
ing datapoints due to occlusion. Testingwas performed
over a video of 8000frameswith threetargetsintroduced
sequentiallyat frames1000,4300and7200.Table1 shows
tracking resultsfor this experiment. The proposedmodel
consistentlyresultsin lower KL divergenceto the ground
truth.

6. Conclusion

In this paper, we motivateanddemonstratetheneedfor
modelingthe in�uence of camerapositioningon tracking
and location estimation. We derive how Normal random
variablestransformundera projectivity. Speci�cally, we
link the strength of the Cauchy componentin the trans-
formedrandomvariableto thedistanceof thetrue location
of the target in the image planefrom the projectionof the
line at in�nity of thegroundplane. It is our hopethat this
resultalongwith the derivation of the distribution will be
of greatusein a variety of vision problems. We demon-
stratethe relevanceof the result for trackingand location
estimation.Onepossibleextensionis in modelingdensities

using kernel methods. However, the analyticalreasoning
becomesmorechallenging.We alsoplan to studythe use
of suchmodelingin cameraplacementandevaluation.
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