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Abstract

We presenta novel algorithmfor optimally segmentingdy-
namic scenescontaining multiple rigidly moving objects.
Wk castthe motionsegmentatiorproblemas a constained
nonlinearleastsquaesproblemwhich minimizegherepro-
jectionerror subjectto all multibodyepipolar constaints.
By corverting this constained problem into an uncon-
strainedone we obtain an objectivefunctionthat depends
on themotionparametes only (fundamentamatrices) but
is independenbn the sggmentationof the image featues.
Thekefore, our algorithm doesnot iterate betweenfeatuie
seggmentatiorandsinglebodymotionestimation.nstead,t
usesstandad nonlinearoptimizationtechniquego simulta-
neouslyrecover all thefundamentamatriceswithoutprior
segmentation\We testour approac ona real sequence

1. Intr oduction

Sgymentationof dynamicscenegefersto the problemof
simultaneouslyestimatingthe motion of multiple rigidly
moving objectsfrom themeasurementllectedby a static
or moving camera.This is a challengingproblemin visual
motion analysis,becauset requiresthe simultaneoussti-
mationof an unknavn numberof motion models,without
knowing which measuremenisorrespondo which model.

Priorwork on motionsegmentatiorsubdvidestheprob-
lem in two stages:featule sggmentationand single body

motionestimation In the rst stage,jmagemeasurements

correspondingo the samemotion model are groupedto-
getherusing variousclusteringalgorithms,e.g., K-means.
In the secondstage,a differentmotion modelis estimated
from the measurementsorrespondingo eachgroup.

This two-stage approachto motion segmentationis
clearly not optimal in the presenceof noise. In orderto
obtain an optimal sgmentation,probabilisticapproaches
modelthesceneasamixtureof motionmodelsin whichthe
measurementrecorruptedwith noise e.g.,zero-meamand
GaussianThemembershipf thedatais alsomodeledwith
aprobabilitydistribution by usingthe so-calledmixing pro-
portions. Unfortunately the simultaneousnaximumlik eli-
hood estimationof both mixture and motion parameterss
in generala hardproblem. Therefore mostof the existing
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methodssolve the problemin two stages.One rst com-
putesthe expectedvalueof the mixing proportionsgivena
prior onthemotionparameterandthenmaximizeghelik e-
lihood of the motionparametergivena prior onthe group-
ing of the data. This is usuallydonein aniterative manner
usingthe ExpectationMaximization(EM) algorithm.

One of the main reasondor using eitherof thesetwo-
stageapproache§terative or not) is thatthe problemof es-
timating a singlemotion modelfrom imagemeasurements
is reasonablywell understoodboth from a geometricand
from anoptimizationpoint of view. For example,it is well
known thattwo views of ascenearerelatedby theso-called
epipolarconstraintand that multiple views are relatedby
the so-calledmultilinear constraints. Theseconstraintan
be naturally usedto estimatethe motion parametersising
linear techniques,such as the eight-point algorithm and
its generalizations.In the presenceof noise, mary opti-
mal nonlinearalgorithmsfor singlebodymotionestimation
have beenproposedFor example,se€8, 12,14, 18] for the
discretecaseand[10] for thedifferentialcase.

The two-view geometryof multiple moving objectsis,
on the otherhand,not aswell understoodn fact, the rst
generalizationsf theeight-pointalgorithmto multiple mo-
tionswerenotknown until veryrecently[20, 16]. Thework
of [16] shavedthatit is possibleto simultaneouslyecover
multiplemotionmodels withoutpreviously sggmentingthe
imagemeasurementsThe key is to usea geometriccon-
straintthat is satis ed by all the measurementsegardless
of the groupto which they belong,the so-calledmultibody
epipolar constaint. The numberof moving objectsn can
be obtainedfrom a rank constrainton the measurements,
and multiple fundamentaimatricescan be simultaneously
recoseredusinganovel polynomialfactorizatiortechnique.
The solution can be computedin polynomialtime, andis
closedformif andonlyif n 4. Similartechniqguesanbe
usedfor directmotion seggmentatiorfrom imageintensities
by usingthe so-calledmultibodyaf ne constaint [17].

Unfortunately thesealgebraicgeometrictechniquesare
more sensitve to noisethanthe eight-pointalgorithm, be-
causein orderto obtaina linear solutionthey usean over-
parameterizedepresentationf the motion parametersia
the so-calledmultibodyfundamentamatrix. Althoughone
coulduseaminimal representatioby minimizing theerror
de ned by the algebraicconstraintswe will shaw in this
paperthatthisis not optimalin the presencef noise.



1.1. Contrib utions of this paper

In this paper we presenta hovel approachto 3-D motion
segmentationthat is optimal in the presenceof noiseand
doesnot iterate betweenfeature sggmentationand single
body motion estimation. In Section3 we shawv that one
can eliminatethe featuresegmentationstageby usingthe
multibody epipolarconstraintwhich is by de nition inde-
pendenton the sggmentationof the image measurements.
In Section4 we shawv that using this algebraicconstraint
asthe objectivefunctionis not optimal. Thereforewe cast
the motion segmentationproblemasa constrainechonlin-
earleastsquaregproblemwhich minimizesthereprojection
error subjectto all multibody epipolarconstraints By con-
vertingthis constrainegrobleminto anunconstrainedne,
we obtainanobjective functionthatdepend®n the motion
parametersnly (fundamentamatrices)andis independent
on the sgmentationof the imagedata. We thenusestan-
dard nonlinearoptimizationtechniqueso simultaneously
recover all the fundamentamatrices without prior feature
segmentation.In Section5 we evaluatethe performanceof
thealgorithmwith respecto thenumberof motionsandthe
amountof noise. We also testthe proposedapproachby
segmentingarealsequenceSection6 concludeghe paper

1.2. Previouswork

Geometricapproacheso 3-D motion estimationand sey-
mentationbasedon 2-D imageryinclude: multiple points
moving linearly with constantspeed[4, 9] or in a pen-
cil of planes[11], multiple moving objects seenby an
orthographiccamera[l, 6], self-calibrationfrom multi-
ple motions[3, 5], reconstructionof multiple translating
planes[19], and sggmentationof two rigid motionsfrom
two perspectie views [20].

Probabilisticapproachego 3-D motion segmentation
modelthe sceneasa mixture of probabilisticmodels. The
numberof modelsis estimatedusingmodelselectiontech-
niques[13, 7], andthe motion modelsare estimatedising
an iterative processthat alternatesbetweenseggmentation
andmotionestimate$13, 2] using,e.g.,the EM algorithm.

2. Multibody Structur e from Motion

We considertwo imagesof a scenecontainingan unknown
numbem of independenthandrigidly moving objects.We
describethe motion of eachobject relatve to the cam-
era betweenthe two frameswith the rank-2 fundamental
matrix F; 2 R® 3 associatedvith the motion of object
i = 1;:::;n. We assumehat the motionsof the objects
aresuchthatall the fundamentamatricesare distinctand
differentfrom zero, and hencethe relative translationbe-
tweenthetwo imageframesis non-zero.
Theprojectionofapointqj 2 R® ontotheimageframe

In orderto avoid degenerateaseswe will assumehatthe
imagepointsf x} g correspondo 3-D pointsf ¢ gin general
con gurationin R3, i.e. they do notall lie in ary critical
surface for example.Wewill dropthesuperscriptvhenwe
referto ageneridmagepair(x 1; x2). Also, wewill always
usethe homogeneousepresentatiox = [x;y;z]" 2 R®
to referto anarbitraryimagepointin P2,

We de ne the multibodystructure from motionproblem
asfollows:

Problem 1 (Multibody structur e from motion problem)
Givena setof image pairs f (x};x5)g; corresponding
to an unknown number of independentlyand rigidly
moving objectsthat satisfythe assumptionabove, estimate
the number of independentmotionsn, the fundamental
matricesf Fi g, , andthesegmentatiorof theimage pairs,
i.e. the objectto which ead image pair belongs.

3. Multibody Epipolar Geometry

In this section,we describethe two-view geometryof mul-
tiple moving objects.We introducethe multibody epipolar
constrainandthe multibodyfundamentaimatrix, andshav
how they canbeusedo estimatehenumberof independent
motionsandtheindividual fundamentamatricesin the ab-
senceof noisein theimagemeasurements.

3.1. The multibody epipolar constraint

Let (x1;X2) be an arbitraryimage pair correspondingo
ary motion. Then, there exists a fundamentalimatrix F;
suchthatthe epipolarconstraintx J Fix; = 0 holds. Thus,
regardlessof the objectto which the image pair belongs,
thefollowing constrainimustbe satis ed by the numberof
independenimotionsn, therelative motionsof the objects
fFigl, andtheimagepair(x1;X2)

E(x1;X2) = xsFix1 = 0 (1)

i=1

We call this constraintthe multibody epipolar constaint,
sinceit is a naturalgeneralizatiorof the epipolarconstraint
valid for n = 1 to thecaseof multiple motions.

3.2. The multibody fundamental matrix

The multibody epipolarconstraintcorverts Problem1 into
oneof solvingfor thenumberof independentotionsn and
thefundamentamatrices F;gi_; fromthenonlinearequa-
tion (1). This nonlinearconstraintde nes a homogeneous
polynomial of degreen in eitherx; or x,. For example,
if weletx: = [x1;y1;21]", thenequation(1) viewed asa
functionof x ; canbewritten asalinearcombinationof the



following monomialsf x7 ; x} 1y1;x2 1 e

readily seenthatthereareatotal of
Mn = (n+ 1)(n + 2)=2 2)

differentmonomials.Thus,if we usethe Veronesemap of
degreen, , : P21 PMo 1 tomap[xi;y:;z:]" toall
its monomialsof degreen [x];x] tyy;x] *
thenwe canrewrite themultibodyepipolarconstraini(1) in
bilinearform as(see[16] for the proof)

n(X2)TF n(x1) = 0; (3)

whereF 2 RMn» Mn is a matrix representatiorof the
symmetrictensorproductof all the fundamentamatrices
fFigl, . We call the matrix F the multibodyfundamen-
tal matrix sinceit is a naturalgeneralizatiorof the funda-
mentalmatrix to the caseof multiple moving objects.Since
equation(3) resembleshebilinearform of theepipolarcon-
straintfor a singlerigid body motion,we will referto both
equationg1) and(3) asthe multibodyepipolarconstaint.

3.3. Estimating the number of motions n and
the multibody fundamental matrix F
Sincethe multibody epipolarconstraint(3) is linear in F,
we canrewriteit as( n(x2) n(x1))Tf = 0, wheref 2
RMr s the stackof the columnsof F and representshe
Kronecler product. Therefore given a collectionof image

pairsf (x4;x5)gl, , thevectorf satis es

@

wherethe j™ row of L, 2 RN M+ equals( ,(x))

nOXNT, forj = 1;:::;N. In orderto determinef
uniquely(up to a scalefactor)from (4), we musthave that
rankL,) = M2 1 (5)

This rank constrainton L, providesan effective criterion
to determinethe numberof independentnotionsn from
the given imagepairs. LetL; 2 RN M’ be the matrix
in (4), but computedwith the Veronesemap ; of degree
i 1. Weshavedin [16] thatif N~ M2 1 pointsin
generalcon gurationin 3-D aregivenandat least8 points
correspondo eachmotion,thenrankL;) = M; ifi < n,
ranL;) = M; 1if i = nandrankL;) < M; 1if
i > n. Thereforethe numberof independeninotionsn is
givenby

n = minfi :rankL{) = M? 1g: (6)

Givenn, we canlinearly solve for the multibody funda-
mentalmatrixF from (4). Noticethattheminimumnumber
of imagepairsneededsN M2 1, whichgrowsin the
orderof O(n#) for large n. However, thereareonly O(n)
unknavnsin then fundamentamatricesf Fi gl .

3.4. Estimating the fundamental matrices

Giventhemultibodyfundamentammatrix F andthenumber
of independeninotionsn, the restof the problemis to re-
coverthemotionparametergor fundamentamatrices)and
the sgmentatiorof theimagepoints. Mathematicallythis
is equivalentto factoringthe multibody epipolarconstraint
into the productof n bilinearforms,i.e.

(x4 Fix1): (7)
i=1

In [16] we shoved how to solve this problem from
the epipolesof eachfundamentamatrix and the epipolar
lines associatedvith eachimagepoint. The estimationof
epipolesandepipolarlinesis basednthefactorizatiorof a
given homogeneoupolynomialof degreen in 3 variables
with real coefcients into n distinctpolynomialsof degree
1 alsowith real coefcients. We shaved thatsucha prob-
lem canbesolvedin polynomialtime usinglinearalgebraic
techniques.Oncethe epipolesandthe epipolarlines have
beenestimated the estimationof individual fundamental
matricesbecomes simplelinear problemfrom which the
segmentatiorof theimagepointsis automaticallyobtained.

Since this algorithm naturally generalizesthe well-
known eight-pointalgorithm to multiple moving objects,
we will referto it asthemultibodylinear algorithm

n(X2)TF n(x1) =

Remark 1 (Puretranslation case) When all the objects
undego a purely translationalmotion,onecandirectlyre-
cover the translationof ead objectrelativeto the camern
by applyingthe samepolynomialfactorizationalgorithmto
theknownepipolarlines,asdescribedn [15].

Remark 2 (Segmentingtranslational and af ne motions)
A similar factorizationtechniquecan be usedfor sggment-
ing a dynamicscenedirectly fromimage intensitiesrather
thanfromfeatuse points. Thecaseof translationalmotions
is equivalento factoringthe multibodyconstantrightness
constaint [15] andthe caseof af ne motionsis equivalent
to factoringthe multibodyaf ne constaint [17].

4. Optimal 3-D Motion Segmentation

The multibody linear algorithm provides an algebraicge-
ometric solution to the problem of estimatinga collec-
tion of fundamentalmatricesfFigL; from image pairs
f(x1;x5)gl, . In essencethe algorithmsolvesthe setof
nonlinearequations™ |, (x,' Fix}) = 0,j = 1;:::;N,
in a“linear” fashionby embeddinghe imagepairsinto a
higherdimensionakpacevia the Veronesanap.

However, the multibody linearalgorithmprovidesa lin-
ear solution at the cost of neglecting the internal nonlin-
earstructureof the multibody fundamentamatrix F . For
example, the algorithm solvesfor M2 1 unknavns in
F 2 RM» Mo from equation(4), even thoughthereare



only 8n unknavns in the fundamentalmatricesf F; g/,
(5n in the calibratedcase).In practice solvingfor anover-
parameterizedepresentatioof the multibodyfundamental
matrix canbevery sensitve in the presencef noise.

One way of resolving this problemis to replacethe
multibody linear algorithm by the nonlinearleastsquares
problem

X . A Yy o A
min  (n(B)TF A= (BRI (E)
"j=1 j=li=1

Minimizing this algebraicerrorin fact providesa morero-
bustestimateof thefundamentamatricesbecausé usesa
minimal representatioof the unknavns. However, the so-
lution to this optimizationproblemis not optimal, because
thealgebraicerrorin (8) doesnotcoincidewith thenegative
log-likelihoodof thedatagiventhe parameters.

In this section,we derive an optimal algorithmfor esti-
matingthe fundamentamatriceswhenthe imagepairsare
corruptedwith i.i.d. zero-mearGaussiamoise. We shav
thatthe optimal solution canbe obtainedby minimizing a
function similar to the algebraicerrorin (8), but properly
normalized. We castthe motion sggmentationproblemas
a constrainechonlinearleastsquaregproblemwhich min-
imizes the reprojectionerror subjectto all the multibody
epipolar constraints. Since the multibody epipolar con-
straintis satis edby all imagepairs,irrespectve of thesey-
mentationwe do not needto modelthe membershipf the
imagepairswith a probability distribution. Hence,we do
notneedto iteratebetweerfeaturesegmentatiorandsingle
body motion estimationasin EM-like techniquesln fact,
thesegmentation(E step)is algebraically eliminatedby the
multibody epipolarconstraint,which leadsto an objective
functionthatdependsnly onthe motionparameters.

Let f (x};x5)gY; bethe given collectionof noisyim-
agepairs.Wewouldliketo nd acollectionof fundamental
matriced Fig., suchthatthecorrespondingoisefreeim-
agepairsf (x}; x5)glL, satisfythemultibodyepipolarcon-
straint ,(%,)TF (%)) = 0. Sincefor the Gaussiamoise
modelthe negative log-likelihoodis equalto the reprojec-
tion error, we obtainthe constraineaptimizationproblenmt

P . . . A
min Ly ke xhkZ+ ke xbk?
subjecto  ,(x¥5)TF n(¥}) =0 j = 1;:::;N:

By usingLagrangemultipliers | 2 R for eachconstraint,
theabove optimizationproblemis equivalentto minimizing

©)

kel xEk2+ ke, xLk2+ T (6)TF (06h): (10)
j=1

INotice that the optimizationproblem(9) doesnot include as an ad-
ditional constraintthe fact that the third entry of eachimagepointx =
[x;y;1]T 2 R3 is equalto one. We implicitly eliminatesuchconstraints
and their associated_agrangemultipliers by left-multiplying the partial
derivativesof the Lagrangian(10) by theprojectionmatrix in (11).

Let 3

2
=40 1 0°5=[eg] [e3] ; (11)
000

with e3 = [0;0; 1]" 2 R3, betheprojectionmatrix eliminat-
ing thethird entry of ary imagepointx = [x;y;1]" 2 R3.
Since ( x x) = (x x), aftermultiplying the partial
derivatives of the Lagrangian(10) with respectto x} and
%), by theprojectionmatrix  we obtain
. . T .
2(XJ1 D n(X'Jl) FT n(X‘JZ) =0, (12)

xh)+ |

. . X . T .
206, xH)+ 1 D a(xy) F a(6) =0 (13)
whereD ,(x) 2 RM» 3 istheJacobiarof ,.

For easeof notation,let usalsode ne

gh= (D WO)TFT () gh= (D n(h)TF (%)

Thensince T = 2= afterleft-multiplying (12)and
(13)byg," andg." ,respectiely, we obtain
1 2

20)" (6 X))+ TKes] dike=0;,  (14)
20,7 (%, xbL)+ Tkes] ghk®=0  (15)
Since (x x) = (x X),D a(%¥)%x = n x(x) and

n(2)F 1(¢1) = 0, weobtaing, %} = g,"%, = 0.
Thereforewe have
20" x5 + Tkles] gik? = ©; (16)
205 xh+ Tkles] ghk? = O; (17)
from whichwe cansolvefor 1 as
R ISR AL 18
2 Kles] gik?+ kles] ghk?

Similarly, afterleft-multiplying (12) by()ejl le)T and

(13)by (¥, xL)T weget
2ket Xl TglTxi =0 (19)
2od, xhk? IghTx, = o; (20)

from which thereprojectionerrorfor pointj is givenby
o) XK2+ ke b= (0T Xy + ghT X)) (21)

After replacing(18) in the previous equationwe obtain
thefollowing expressiorfor thetotal reprojectionerror

o o IT o 4 gl 2
En(TFigy i F(eixbgty ) 5 L X3t 0 X)) .
j=1 k[es] 91k2+ k[es] 92k2

X T aChNTFT n(eh) + x5T (D a(Eh)TF n(¥h)?

j=1Kles] (D n (D) TFT o (xh)k2+ kles] (D n(x5)TF n(x))k2




Since 1(x) = x andD 1(x) = |, bylettingn = 1in
theabove expressiorwe noticethat E,, is anaturalgeneral-
ization of thewell-known optimalfunctionfor estimatinga
singlefundamentamatrixF 2 R® 3, whichis givenby [8]

o X I TETxl + xiTExl)2
Ei(Ff gty )= o et PR
- Kles] FToxbke+ Kles] F ik
22

Remark 3 Noticethatthe optimalerror E,, hasa veryin-
tuitive interpretation. If pointj belongsto groupi, then
%L1 Fix) = 0. Thisimpliesthat

0= W ()TFD () = 0T F )
I ) 1
@

X, Fixh =

J
@'1 i=1 i=1 "6

Y iT j iT
= X, Foxy (% Fi);
‘6

: Yy oo : :
A S

‘6
Thefor, thefactor 2 " (6" Fx)) isin boththenumer
ator andthedenominatoiof E,,. Hencethe contribution of

pointj to theerror E,, reducego
Oh Fixh + xbTFi)?
kles] FTxLk2 + k[es] Fixhk2’
which is the sameas the contribution of pointj to the op-
timal functionfor a singlefundamentamatrix F; in (22).
Thelefore, the objectivefunction E;, is just a clever alge-
braic way of simultaneouslywriting a mixture of optimal

objectivefunctionsfor individualfundamentamatricesinto
a singleobjectivefunctionfor all thefundamentaimatrices.

(23)

We now derive anobjective functionthatdepend®nthe
motion parametersnly. As in the caseof a singlefunda-
mentalmatrix [8], this canbe doneby consideringhe rst
orderstatisticsof ,(x4)TF n(x}). It turnsoutthatthisis
equialentto settingx! = x! in the above expressiorfor
E,h. SinceD ,(x)x = n ,(x) we obtainthe following

X 4n2(_n (<3)TF n(x}))?

j-1kles] (D n () TFT n(xp)k2+ kles] (D n(x3)TF o (x))k?

NoticethatE is justa normalizedversionof the alge-
braic error (8). Furthermorewhenn = 1, E, reducego
the well-known objectie function for estimatinga single
fundamentamatrix F [8]

. 4(xy" Fx}h)?

Ei(F) = - e
i1 Kles] FTx3k2 + kles] Fxik2

(24)

Notice that (24) can also be obtainedby settingx = X

is anaturalgeneralizatiorof well-known objective function
E1(F) in singlebodystructurefrom motion.

In summarywe have derivedanobjective functionfrom
which onecansimultaneouslestimateall the fundamental
matricesf Fig.; usingall theimagepairsf (x};x5)g\; ,
without prior segmentationof the image measurements.
The fundamentamatricescan be obtainedby minimizing
E, usingstandardhonlinearoptimizationtechniquesOne
canusethe multibody linear algorithmin Section3 to ini-
tialize thenumberof motionsandthefundamentainatrices.

Remark 4 (Puretranslation and calibrated cases)The
caseof linearly moving objects(Remarkl) or calibrated
camens can be easilyhandledby properly parameterizing
the fundamentamatricesand then minimizingover fewer
parametes.

5. Experimental Results

In thissectionwe evaluatetheperformancef theproposed
algorithmwith respecto the numberof motionsn andthe
amountof noisein theimagemeasurementsWe alsotest
ourapproactby sggmentingarealimagesequence.

We rst testthe algorithmon syntheticdata. We ran-
domly pick n = 1;2; 3;4 collectionsof N = 50n feature
pointsandapply a different(randomlychosenigid body
motion(R;; T;), with R; 2 SO(3) therotationandT; 2 R3
the translation. Zero-meanGaussiamoise with standard
deviation (std) from O to 2.5 pixelsis addedto the rst two
entriesof x; andx,, assuminganimagesizeof 500 500
pixels. We run 1000trials for eachnoiselevel. For each
trial the error betweenthe true motionsf (R;; T;)gl.; and
theestimates (R;; Ti)g", is computedas

x BT
Rot. error= % acos %

T T
KT kkTi k

(degrees)

i=1

1
Trans.error= o acos (degrees)
i=

1

Figure 1 plotsthe meanerrorin rotationandtranslation
asa function of noise. In all trials the numberof motions
wascorrectlyestimatedrom equation(6) asn = 1;2; 3; 4.
The algorithm gives an error of lessthan3 for rotation
andlessthan10 for translation. As expected the perfor
mancedeterioratesasthe numberof motionsn increases,
especiallyfor therotationestimates.

We alsotestedthe proposedapproachby segmentinga
realimagesequencavith n = 3 moving objects:atruck, a
carandabox. Figure2(a) shavs the rst frameof the se-
guencewith thetrackedfeaturesuperimposedie tracked
atotal of N = 173 point features:44“ " for the truck,
48*"," for the carand81“, " for the box. We estimated
the numberof motionsfrom (6) asn = 3 andminimized
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Figurel: Errorin theestimationof therotationandtransla-
tion asafunctionof noisein theimagepoints(stdin pixels).
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Figure2: 3-D segmentatiorof threeindependeninotions.
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E3(F1;F2; F3) to obtain (R;;Ti). For comparisonpur
poses,we estimatedthe ground truth motion (R;; T;) of
eachobjectby manuallysggmentingthe featurepointsand
thenminimizingthestandarderrorfor singlebodystructure
from motionE(F;) in (24). Theerrorin rotationwas1:5 ,
1:9 and0:1 andtheerrorin translatiorwas1:7 ,1:8 and
0:4 for thetruck, carandbox, respectiely.

In orderto obtainthe sggmentationof the featurepairs,
we computedthe threereprojectionerrorsE 1 (F;) for each
featurepair asshown in Figures2(c)-(e). Eachfeaturepair
wasassignedo themotioni = 1; 2; 3with theminimumer-
ror. Figure2(b) plotsthe sgmentatiorof theimagepoints.
Thereareno mismatchegor motions1 and3. However 5
featurescorrespondindgo motion 2 areassignedo motion
1 and6 featurescorrespondingo motion 2 areassignedo
motion3. Thisis becaus¢he motionof thecarwassmaller
andhenceits reprojectionerroris smallfor all F;'s.

6. Conclusions

We presentech novel algorithmfor optimally segmenting
dynamicscenegontainingmultiplerigidly moving objects.
Insteaddf iteratingbetweerfeaturesggmentatiorandsingle
body motion estimation,our approacheliminatesthe sey-
mentationand directly optimizesover the motion parame-
ters.We testedour approacton syntheticandrealimages.
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