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Abstract

In this paper the problemof simultaneoustructue frommotionestimatiorfor multipleindependently
movingobjectsfrom a monocularimagesequencés addressedTwo Bayesianalgorithmsare presented
for solving this problemusing the sequentialimportancesampling(SIS)technique.The empirical pos-
terior distribution of object motion and featule separationparametersis approximatedby weighted
samplesThe®rstalgorithm addresseghe problemwhenonly two movingobjectsare present A singular
value decomposition(SVD) basedsampleclustering algorithm is shownto be capableof separating
samplesrelatedto different objects.A pair of SISproceduesis usedto track the posterior distribution
of the motionparametersin the secondalgorithm, a balancingstepis addedinto the SISprocedue to
preservesamplesf low weightsso that all objectshaveenoughsamplego propagateempiricalmotion
distributions.By usingthe proposedalgorithms,the relative motionsof all movingobjectswith respect
to the cameracan be simultaneouslestimated Both algorithmshavebeentestedon syntheticand real

imagesequencedmprovedresultshavebeenachieved.
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I. INTRODUCTION

Visual motion analysishasbeenan active researchareain the image/videounderstandingommunity
for overtwo decadesA majorissuein the areais to recoverthe motion andstructureof moving objects
from animagesequenceecordedoy a monocularcamerawhich is usuallyknown asthe structure from
motion (SfM) problem. Although the geometryof the SfM problem hasbeenwell understooddue to
the nonlinearity of the cameraprojectionmodel and the non-Gaussianityf image measurementoise,
researchefforts on solving the problem have beenmainly focusedon scenariosvhen only one rigid
objectis presente.g.whena moving cameraooks at a static object. In this paper we will addresshe
SfM problemwhen multiple moving objectsare involved concurrently Basically we want to solvethe
following problem.Givenan imagesequenceontainingtwo or more independentlynoving(with respect
to the camera)objects,the goal is to simultaneouslestimatethe motion betweeneach movingobject
and the cameraas well as the 3D structure of eachobject. We refer this asthe Multiple Independently
Moving Objects Structue From Motion (MIMO-SfM) problem. Even though multiple independently
moving objectsare ubiquitousin the real world andresearcherbavebeentrying to solvethis problem,
it still remainsa big challenge mainly becauseof a lack of robustalgorithmsfor the basicstatic scene
SfM problem.

Existing MIMO-SfM algorithmscan be roughly categorizecbasedon whetheroptical ow or corre-
spondencef featurepointis used.The pioneeringwork of MIMO-SfM usingoptical ow wasproposed
by Adiv [1], where underthe assumptionof piecewiseplanarscene the ow ®eldis ®rstpartitioned
into connectedsegmentsusing the generalizedHough techniqueand then the segmentselongingto
eachmoving objectare groupedsuchthat all segmentsn one group can be explainedby a singlerigid
motion. Due to the assumptiormadeaboutthe scenestructure this algorithmhasdif®cultiesin dealing
with imagesequencesontainingcomplex3D scenestructurewith rich higherorder3D curvedsurfaces.

Regardingusing featurecorrespondence$;osteiraand Kanadeproposeda multi-body factorization

method[2] to recovermotion and structureof multiple objects.This algorithmwas extendedrom the



factorizationmethodfor SfM by TomasiandKanadi[3]. The shapeinteractionmatrix is usedto segment
out multiple moving objects.Although this factorization-base@lgorithmis elegant,the assumptiorof
cameraimagingmodelis quite restrictive.

The extendedKalman®lter (EKF) hasbeenusedto solvethe problem.In [4], Darrell et al. proposed
an EKF-basedalgorithmbasedon a recursiveSfM algorithmpresentedy AzarbayejanandPentlandn
[5]. The minimum descriptionlength (MDL) criterion is employedto determinethe minimum number
of modelsandtheir correspondindeaturegroupsso thatthe modelscaninterpretthe featuretrajectories
in the associate@jroups.However the recursiveSfM algorithmin [5] is not guaranteedo convege to
the true solution. Another MIMO-SfM algorithm proposedby Soattoand Perona[6] alsousesan EKF.
It is basedon a motion estimationalgorithm called essential®lter [7]. Becausehe relative motion of
objectsbetweenconsecutivemageframesis computedcorrespondencdsetweenadjacentime instants
bearvery low signal-to-noiseatio (SNR). Due to inherentambiguitiespresenin the SfM problemusing
noisy observationsthe essential®lter could convege to false solutions.

Certainrestrictionson the moving objects'trajectorieshavealsobeenaddedio helpsolvethe problem.
In themethodgroposedy HanandKanade[8] andShashuandLevin [9], thedynamicpoints(features
ondifferentmovingobjects)movingalongstraight-linepathswith constanvelocity havebeenconsidered.
Although improvementscan be achievedby restrictingthe object motion, potentialapplicationsof the
algorithmsare greatly diminished.

Recently Bayesiamalgorithmsfor staticsceneSfM havebeendevelopedo dealwith nonlinearityand
measuremengrrors. The BayesianSfM algorithm using the SIS technique[10] hasbeenshownto be
resistanto imagemeasuremengrrorsand also be ableto handlemotion ambiguities.An algorithm for
moving objectdetectionfrom a moving camerapresentedn [11] is also basedon the SIS framework.
Encouragingresultshave also beenreported.This researchindicatesthat the SIS techniqueis a very
promisingway to solvingthe MIMO-SfM problem.

SISis arecentlyproposedechniqueor approximatinghe posteriordistributionof the stateparameters

of a dynamicsystem[12]. It is a usefultool for solving problemswith non-linearity non-Gaussianity



andmulti-modalities.In SIS, weightedsamplesare usedto describethe posteriordistributionof the state
parametersandthesesamplesare propagatedrom onetime instantto the nextto capturechangesn the
target distribution. The samplesand weightsare usedto computethe statisticsof the statevariablesof
interest,e.g. meanand modes.

In this papey two algorithmsare presentedo handledifferentscenariosn the MIMO-SfM problem.
The ®rstapproachs restrictedto solving the problemwhenonly two objectsare presentandthe second
one handlesmore generalcaseswith two or more objects.Featurecorrespondenceare the input to the
algorithms.We assumethe perspectivecameraprojection model and rigid moving objects.No other
assumptiongbouteitherthe 3D scenestructureor objectmotion are made,

Solvingthe MIMO-SfM problemusingSISis notassimpleasit appearsldeally, whenin®nitenumber
of samplesare used,the moving object detectionalgorithm proposedn [11] is ableto simultaneously
estimatethe motion parameterdor eachindependentlymoving object. In practice,since only a ®nite
numberof samplescan be used,samplesof different moving objectswill competeagainsteachother
for the offspring at the resamplingstep.lt is very likely that one objectcannotget enoughsamplesto
representts motion sothatthis objectis eliminatedfrom the competitionfor samplesandits motionand
structurecannotbe recoveredj.e. this object may just disappearfrom the SIS procedureTo deal with
this issue,different strategiesare suggestedin the ®rstapproachfor two moving objects,two separate
SIS proceduresare invoked, so that eachof them is responsiblefor the propagationof the samples
andweightsof the motion parametersassociatedvith one moving object.In the secondapproachponly
one SIS procedurds employedand an additionalstep called balancingis introduced,which keepsthe
numbersof offspring of all potentialmoving objectcandidatesapproximatelyequal.

The organizationof the paperis as follows. In Section2, we brie'y introducethe SIS methodand
review relatedwork on SfM for static scenesThe two approachesire thendiscussedn Section3. In
Section4, experimentalresultsobtainedusing both syntheticand real image sequencesire presented.

Conclusionsand future researchdirectionsare summarizedn Section5.



I1. BACKGROUND

To solvethe MIMO-SfM problem,we would like to ®ndoptimal estimategor objectmotion, structure
andfeaturesegmentationyhich canprovidethe bestinterpretatiorof the observationsisingcriteriasuch
as the maximuma posteriori probability (MAP). In this paper , the
posteriordistributionof the parametersis approximatedisingrandomsamplingmethodsin this way, a
much clearerpicture of the structureof solutionspacecan be provided.Not only the optimal estimates

canbe found, the uncertaintyof the estimatesan alsobe captured.

A. Sequential Importance Sampling

TheSISmethodis arecentlyproposedechniqueor approximatinghe posteriordistributionof thestate
parameter®f a dynamicsystem[12]. Usually, the statespacemodel of a dynamicsystemis described
by observationand stateequationslf the measuremens denotedby y andthe stateparametetby x ,
the observationequationessentiallyprovidesthe conditional distribution of the observationgiven the
state, y x . Similarly, the stateequationgivesthe Markov transitiondistributionfrom time to time

, X X .Thegoalis to ®ndthe posteriordistribution of the states x x x givenall the
availableobservationsipto , , where X and y . Onewayto

representhe approximationof the posteriordistributionis by properly weightedsampleq12].

Suppose is a set of randomsamplesproperly weightedby the set of weights
with respectto  and let be a trial distribution. Then the recursiveSIS procedureto obtain the
randomsamplesand weights properlyweighting is asfollows [12].

SIS steps:for ,
(A) Draw x  from X . Attachx  to form X

(B) Computethe 2incrementalweight® by

and let



It can be shown[12] that is properly weightedwith respectto . Hence,the
aboveSIS stepscan be appliedrecursivelyto get the properly weightedsetfor any future time instant
when the correspondingobservationsare available.lt is not dif®cultto show that given the properly
weightedsamples with respectto the joint posteriordistribution , the 2marginal® samples
formedby the componentsn of x areproperlyweightedby the samesetof weightswith respect
to the maginal posteriordistribution  x . Oncethe properlyweightedsamplesof thejoint distribution
are obtained the mawginal distributionsare approximatedy the 2marginal® samplesveightedusingthe
samesetof weights.

The choiceof the trial distribution is very crucial in the SIS proceduresinceit directly affects

the ef®ciencyof the proposedSIS method.In our approachwe use

where X X isthe onestepMarkov transitionprobability densityfunction (PDF). In the compu-
tation of cameramotion, it describesameramotion transitionfrom onetime instantto the nextandwill

be usedto updatecameramotion samplesTheincrementalweight is proportionalto y x

the conditionalprobability densityfunction of the observationgjiventhe statesamplelt is alsoknownas
the likelihood function of the statesamplesin SIS, an additionalresamplingstep[12] often follows the
sampleweight evaluationafter drawingnew sampledor the currentstate.A major bene®bf resampling
is to statistically reducebad samples(with small weights) and encouragegood samplesso that good

sampleswill produceenoughnumberof offspring to describethe distribution of future states.

B. Structure from Motion Using SIS for Static Scenes

The SIS techniquehasbeenusedin solving the SfM problemfor staticscenesin [10], cameramotion
and scenestructure parametersare estimatedfrom 2D feature trajectoriesusing SIS. To reducethe
computationaload and makethe problemsolvableusing samplingbasedmethods decouplingbetween
cameramotion and structureparametersvas performed.A recursiveSIS-basedilgorithmwas ®rstused

to track the empirical posteriordistribution of the cameramotion parametersThenthe depthvaluesof
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Fig. 1. Motion parameter®f a moving camera.

the featurepointson the staticscenewere computedusingthe cameramotion estimatesy triangulation.
To makethis papercomplete,a brief review of [10] is given below

CameraMotion Parameters:Assumethat the camerais moving and the sceneis static. We would like

to computethe global overall motion of the camerain a world coordinatesystem.Another coordinate
systemsticksto the camera.Let the positive directionof the  axis of camerasystempoint to camera
looking direction and the cameracenterbe its origin point. The cameraand world coordinatesystems
initially coincide.Whenthe cameramoves,camerasystemtravelswith the cameraAs shownin Figure

1, the following parametersire usedto representhe global cameramotion:
m (1)

where are the camerarotation anglesbout the axesof world systemand are the
elevatiomandazimuthanglesof thecameraranslatiordirection.Theunit vectorin thetranslatiordirection
is givenby T . Also be notedthat the cameramotion
parametersire all relativeto the world coordinatesystem,andit is not the instantaneousameramotion
betweenconsecutivetime instants.In this way, the translationcan be accumulatedover time and the
scenestructurecan be accuratelyestimated.

CameraMotion and SceneStructue EstimationUsing SIS: During the computatiorof the cameramotion

parametergiandomsamplesaredrawnfrom the cameramotion parameterspace The epipolarconstraint



[13] is then usedto evaluatethe samplesweights. Recall that the epipolar constraintsaysthat the
perspectiveprojectionsof a 3D point on the two image planestakenfrom different viewpointslie on
their correspondingepipolarlines, which arethe intersection®f the two imageplaneswith the epipolar
plane containingthe 3D point and the two cameracentersbefore and after cameramovement,of the
cameraGiventheimagepositionof a pointin oneview andcameramotion parameterdetweernhe two
views, the epipolarline relatedto this point in the otherview canbe easilydeterminedandthe epipolar
distancecanbe computedDuring the sampleweightevaluationthe smallertheresultanepipolardistance
is, the larger the weight. After weight evaluation,new samplesare drawn using kinematicsmodelsof
the camera.The empiricalcameramotion distribution canthen be propagatedhroughout the sequence.
Oncethe cameramotion is estimatedscenestructureis determinedby triangulation.See[10] for a full

treatmentof SfM usingthe SIS techniques.

I1l. BAYESIAN MULTIPLE INDEPENDENTLY MOVING OBJECT STRUCTURE FROM MOTION

Two approachefor simultaneougstimationof motionandstructureof multiple independentlynoving
objectsare presentedn this section.The ®rstoneis designedor the casewhenonly two independently
moving objectsare involved and the seconddealswith more complex scenariosvhen there are more
thantwo moving objects.Before the presentatiorof the algorithms,we would like to formulatea state

spacemodelfor objectmotion and featuresegmentation.

A. A State SpaceModel

In the MIMO-SfM problem, object motions, structuresand feature segmentatiomeedto be solved.
Similar to [10], object motion and feature segmentatiorare ®rst solved and then object structureis
recovered.

CameraMotion ParametersThe relative motion betweereachobjectandcameraneedgo be estimated.
Eitherthe objector the cameracanbe assumedo be static.In our approachwe assumehatthe objects

are static and the cameramotion relative to individual objectis estimatedOncethe cameramotion is



obtained.,it is very straightforwardto computethe object motion relative to the cameraif it is desired.
The cameramotion parametersisedis given by (1).

Featue SegmentatioParametersTrajectoriesof featurepointsareusedas measurement3.hesepoints
belongto differentmoving objects.The task of featurepoint segmentatiotis to clusterthe entirefeature
setinto multiple subsetspnefor eachobject. To representhe membershipf the featurepoints,we use
thevalidity vector , introducedin [11]. If therearetotal featurepointsused, isan -dimensional
vector Eachfeaturepoint hasa correspondingentryin , which indicatesthe membershipf the related
featurepoint.

Thecompletestatevectordescribingcameramotionandfeaturesegmentatiois givenby x m
Given a statesample the motion parametersepresenthe cameramotion relativeto a particularmoving
object. Associationsof featurepointsto this moving object are describedby the validity vectorin the
samestatesample.If the value of the entryin the validity vectorof a featurepointis positiveandhigh,
it is very probablethat this featurepoint belongsto this object.

CameraKinematicsand ProjectionModels: Giventhe abovestatevector a dynamicsystemcanbe used

to describethe behaviorof a moving cameraobservingmultiple independentlymoving objects:
X X n (2
y X n (3)

denotesthe perspectiveprojection,a function of cameramotion, featuresegmentatiorand the
scenestructure.n denoteghe dynamicnoisein the system describingthe time-varyingpropertyof the
statevectorandit containsboth the dynamicnoiseof the cameramotion and the validity vector Even
thoughthe association®sf the featurepointscould be ®xedif we assumehatno objectsplitting/meging
occurredduring the observatiorperiod, validity vectorsarestill time varying during the SIS procedure.
By allowing the validity vector to be time-varying, the resulting temporalintegration of the feature

segmentatiomakesthe featuresegmentatiomesultsmore robustto measuremergrrors.
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B. Two Independently Moving Object Structure from Motion

Recallthatin the SIS procedurethereare two essentiaktepsfor sampleand weight propagationn
time: drawing new samplesand updateweights.
Drawing SamplesGiven statesamplesfor the previoustime instant,samplesfor the currenttime are
drawnfrom atrial function. Although any trial function canbe used,to designeffective SIS algorithms,
trial functionsthat can describethe dynamicsof the systemare desired.For motion parametersasthe
prior knowledgeaboutmotionparameterss not available the randomwalk modelis a suitablealternative

for modelingthe camerapositionand orientation.Therefore the motion samplesat aredrawnusing
m m n (4)

wheren representshe dynamicnoiseof the motion parametersSimilarly, the validity vector sample
at areobtainedas

my n (5)

wheren is the dynamicnoisein the validity vectorand is an exponentiafforgetting factor Both of
themrepresenthe possibletime-varyingnatureof the validity vector is a function usedto update
the currentvalidity vector In this papey differentforms of are applied,dependingon the tasks.In

the caseof two moving objects,elementsof are computedas

if

my (6)

otherwise
where m y s thedistancefrom the th featurepoint to its associate@pipolarline giventhe
motion parametersn . is a prechoserthresholdfor this distanceaccordingto the featuretracking

errorlevel. In our experimentsthevalues  areusuallytwice aslarge asthe standarddeviationof the
featuretrackingerrors.
WeightEvaluation:Sincethe statetransitionPDFis usedfor drawingnewsamplesthelikelihood function

of the observatiorgiven the statesampless usedto computethe sampleweights.It is given by

y X — (7)
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is amongthe sevenhighestvaluesof and

(8)

and is givenby

(9)

is an indicatorfunction. It returnsone if is true or zerootherwise.
SampleClustering:Sincethe cameramotion andfeaturesegmentatiosamplegelatedto differentobjects
are mixed, we would like to clusterstatesamplesbelongingto the sameobject and then use different
SIS procedureto propagatesamplego differentobjects.

Assumethattwo movingobjects, and , arepresenin theimagesequenceTherearetwo different
kinds of validity vectorsamplespnefor eachmoving object. Thesetwo kinds of samplesare symmetric
in the sensdhatfor sampleof object , theentriescorrespondingdo the featurepointson object have
high positive valuesand the entriescorrespondingo the featurepointson object havelow negative
values,and vice versa.Moreover due to the symmetricnatureof updatingthe validity vector samples
usedin the trial function (19), the additive inverseof a samplerelatedto object canbe viewedasa
sampleof object andthe samplemeansof the two setsof validity vector samplescorrespondingo
objects and , which canbe approximatedy the validity vectorsobtainedusingtrue objectmotion,
are mutually additive inversesto eachother This symmetricstructuremakesit possibleto be clustered
into two setsof sampleausing the singularvalue decomposition(SVD).

Let the samplesof the validity vector after resamplingbe , where is numberof samples.

Let the matrix

be the validity matrix.
Proposition1: If x , therowsof an matrix A, are either samplegandomlydrawnfroma

distribution x or the additiveinversesof suchsamplesthenthe right singular vector corresponding
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to the the largestsingular valueis proportional to the meanof x whenthe numberof samplesggoes
to in®nity

Proof: The singularvalue decompositiorappliedto a matrix A is asfollows:

A usv (10)

uv (12)

whereU ( ) andV ( ) aretwo unitary matricesand u and v arethe columnvectors
of the two matrices.S is a diagonalmatrix with non-negativedecreasingingularvalues alongthe

diagonal.Determiningthe largestsingularvalue  andits correspondindeft andright singularvectors

u andv is equivalentto solving the following optimizationproblem:

— 12

u v uv X v (12)

whereu . Sincex is either a samplerandomlydrawn from x or the additive
inverseof sucha sample statistically the absolutevaluesof are equal.Therefore,

\ v X Vv X Vv (23)

— 14

v X Vv X Vv (14)

where is thesetof indicesof rows containingsamplegdrawnfrom x and is thecomplementary

to . Noticethat x aresampledrom x . Hence(14) canbe rewrittenas

v v X Vv (15)
where X aresamplesrom x . Fromthe Law of Large Numbersiit follows that

X Vv — X Vv (16)

Hencewhen goesto in®nity, v canbe obtainedas

v X Vv (17)
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Thusv is proportionalto the minimum meansquareerror (MMSE) estimateof x, which is given by
the conditionalmean, x X . When goesto in®nity it is equalto the unconditionalmean

X X X.H

Dueto the symmetricstructureof the sampleselongingto thetwo moving objects thevalidity matrix
can be viewed as a matrix containingeither samplesfrom a distribution or the additive inverses
of the samplesfrom the samedistribution. Therefore,accordingto the above proposition,when the
numberof sampleds large enough the right singularvector correspondindo the largestsingularvalue
approacheshe meanof . As a result,we havethe following algorithmfor clusteringthe samples
of the motion parameterandthe validity vectorsof two moving objects.

SVD-basedampleClusteringAlgorithm

1) Constructthe validity matrix V usingthe samplesof the validity vector by addingthem to the
rows of V.

2) Computethe SVD of the validity matrix V. Find the largestsingularvalue  andits corresponding
left andright singularvectorsu andv . Computev , the additiveinverseof v by changingthe
signsof all entriesin v . Let be the minimum numberof featurepoints requiredin solving
SfM (e.g.in the caseof a calibratedcamerasevenpoints are suf®cientto uniquely determinethe
motion and structureparameter$14]). If the numberof positive entriesin eitherv or v is less
than , the samplescannotbe correctly clusteredat the currenttime instant. Skip the remaining
stepsin the sampleclusteringalgorithmandreturnto the main SIS procedure.

For eachrow of the validity matrix V (VAR

3) Separatiorsampleslf the numberof commonpositiveentriesin v andv is largerthanor equal
to ,the th motionandvalidity vectorsamplex is segmentedo cluster . If the numberof
commonpositiveentriesin v andv is largerthanor equalto , x is segmentedo cluster

. It is possiblethatx  belongsto both clustersor neither The samplesbelongingto the two

moving objectshavebeensegmenteaut into two clusters, and

Oncethe samplepopulationis clusteredinto two setsrelatedto the two moving objects,the motion
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and structureof eachobjectcanthenbe estimatedseparatelyThe overall algorithmfor the caseof two

independentlymoving objectsSfM is describedbelow

SISProcedue for Two IndependentlyMoving Objects

1)

2)

3)

4)

Initialization. Draw sampleof the motionparametersm from theinitial distribution
describeghe distributionof motion parametersn beforethe cameramoves.Althoughthe rotation
angles andthetranslationalectorareall zero,the translationabnglesare uniformly distributed.
Hencein the statesamplesthe rotationanglesare setto zeroand translationdirectionanglesare
drawnfrom the uniform distributionin and , respectively The validity vectorsamples

are setto one.Assignequalweightsto thesesamples.

For
Samplegeneration.Draw samplesof the motion parametersat time instant , m , from
the distributionsof m . Sincevideo sequencesre usedhereas the image sources

insteadof setsof imageframesin arbitraryorders,a randomwalk dynamicmodelis assumeand

the following distributioncanbe usedas a good approximationto that of

(18)

where , and canbechosenassomepositive numbersDraw samplesof the validity vector
via (5), with function de®nedy (6).

Weight computationand resampling.Computethe weights of the samples, , using the ob-

servedfeaturecorrespondencezccordingto the likelihood equation(7). Theresultingsamplesand
their correspondingveights x areproperlyweightedwith respecto  x . Resamplghe
abovesamples.

Sampleclusteringand invocation of new SIS procedure.Apply the above SVD-basedsample
clusteringalgorithmto the sampleset.If the sampleshelongingto the two moving objectscannot
be clusteredinto two clusters,go to step2). Otherwise,one more SIS procedureis invoked. The
currentSIS procedurewill keepthe propagationof samplesand weights of the stateparameters

correspondingo the ®rstobject,whoserelatedsamplesrein cluster , andthenewSISprocedure
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will maintainthe samplesandweightsof the stateparametersf the otherobject,usingthe samples
in . Thus, the motion/structureand validity vector relatedto the two moving objectscan be

simultaneouslhestimated.

By using the above SIS procedure,the posterior distributions of the cameramotion and feature
segmentatioparameterselatedto eachobjectcan be approximatelydescribedoy the resultingsamples
andtheir correspondingveights.For a samplesetrelatedto a moving object,the empiricalmeanof the
validity vector canbe input to clusteringmethodssuchasthe k-meansalgorithmto determinethe ®nal
featuresegmentatiomf this moving object.

Inferenceof Depth Distribution: The posteriordepthdistribution of segmentedeature points for each
object canthen be obtained.In [10], two algorithmsare presentedo ®ndthe posteriordistribution of

featuredepths.The discussionaboutthe inferenceof  z basedon the resultsobtainedon

is still valid. Hence,the posteriordistribution of the depthsof the segmentedeature points for each
moving object can be directly inferred using the samplesand weights properly weightedwith respect
to the posteriormotion distribution. Both algorithmsdevelopedn [10] canbe usedto ®ndsamplesand

weightsproperly weightedwith respectto the posteriordistribution of featuredepths.

C. Multiple Independently Moving Object Structure from Motion

We now look at the more generalcaseof MIMO-SfM whentwo or more moving objectsare present.
In this algorithm,the two stepsof sample-drawingindweight-evaluatiorare very similar to thosein the

previoussection.The only changeis in the function for updatingvalidity vectors.It is modi®edas
my — — (19)

where and  havethe samemeaningsasthe caseof two moving objects.

SampleClustering: The purposeof sampleclusteringis differentfrom thatin the previousalgorithm.
Hereonly one SIS procedureis used.Statesamplescorrespondingo the sameobjectare clusteredand
the cameramotion and featuresegmentationvith respectto eachindividual objectcanthenbe inferred

usingthe clusteredsamplesA balancingstepis appliedin the SIS procedurdo keepthe samplenumbers
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of all the candidatemoving objectscomparableThe statesamplesare clusteredaccordingto the signs
of the entriesof the validity vectorsamples.

Sign-basedsampleClusteringAlgorithm

1) Samplesorting. Let X m v be the samplesof motion and validity vectors
beforethe resamplingstep. w  bethe correspondingveightsof the statesamplesSort
the samplesaccordingto their weightssuchthat the ®rstsamplehasthe highestweight. Denote
the new sortedsamplesetandweightsetby  and , respectively

2) SampleclustercentergenerationStartingfrom the ®rstsamplein , candidateclustercentersare
generatedoy looking at the signsof the samplesin the new sampleset. Assumethat up to the
currenttime instant,thereare  clusters and eachclusterhasa cluster
center For a given statesample,ignore the entriesin the validity vectorthat havebeenoccupied
by any positive entry of the validity vectorsof the existing candidatecenters.If the numberof
remainingpositive entriesof the validity vectorin the currentsampleis greaterthan or equalto

(the minimum requirednumberof featurepointsfor solving SfM), a new candidateclusteris
generatedvith the currentsampleasthe st clustercenter

3) Sampleclustering.The samplesthat containat least positive entriesin the validity vectorin
commonwith the new clustercenteraresegmentedhto the new cluster Thusa new sampleweight

clusteris formed:

Goto step2 andlook for new candidateclustercentersStopwhenall thesamplesn  havebeen
visited by the centergeneratiorstep.
4) Finalization.lt is possiblethata sampleis not assignedo any cluster To preservehesesamples,
the samplesnot includedin any clusterare groupedinto a new cluster Hence,all the samplesn
are segmentednto differentclusters.Eachclustercorresponds$o a candidatemoving object.
By usingthis clusteringalgorithm,thesamplesn = aresegmentedhto differentclusterscorresponding

to potentialmoving objects.
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Weight Balancing: To solvethe problemof samplescompetitionbetweerdifferentobjectfor the number
of offspring during the resamplingstep, a balancingstepis addedinto the SIS procedure De®nethe
cumulativeweightof a samplesetasfollows.
De®nition For a sampleweight cluster , , the cumulative weight of | is the
summatiorof the weightsin ,i.e.

The following stepis addedinto the SIS procedure.

Balancingstep

1) Clusterweight evaluation.Assumethat after the implementationof the clusteringprocedure,
sample clustersare formed including the one producedin the ®nalizationstep. Computethe
cumulativeweight of eachsamplecluster

2) Weight modi®cation Since eachcluster should be treatedequally in the resamplingstepin the
SIS, the cumulativeweightsof all the clustersshouldbe equalto —. The sampleweights
in all the clustersneedto be modi®edso that the cumulativeweight of eachindividual cluster
equals . For a cluster , the weight modi®cationis done by multiplying the
weightsin by a scalar — where is the cumulativeweight of the clusterbeforethe
weight modi®catiorstep.This stepis calledweight-balancingDenotethe weight-balancealuster
by

Hence,we havethe following completeSIS procedurefor the multiple independentlynoving object

SfM algorithm.

SISProcedue for Multiple IndependentiyMoving Objects

1) Initialization. (Sameasthe initialization in the SIS procedurefor two moving objects)
For

2) SamplegenerationDraw new samplesof motion parametersn the sameway that was described
in the SIS procedurdgor two moving objects.Draw samplesof the validity vector using
(5), with function de®neddy (19).

3) WeightcomputationComputethe weightsof the samples, , usingthe observedeaturecorre-
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spondenceccordingto the likelihood equation(7). The resultingsamplesandtheir corresponding
weights x are properlyweightedwith respecto  x .

4) Sampleclustering.Segmentall the samplesand weightsinto multiple clustersusing the above
sign-basedampleclusteringalgorithm.

5) Weight balancing.Modify the weightsof the samplesin every clusteras describedn the above
weight-balancingnethodso that the cumulativeweightsof the clustersare equal.

6) ResamplingResamplehe samplesin the clustersaccordingto the balancedweights. Thus, the
motion/structureand validity vector relatedto the two moving objects can be simultaneously

estimatedGo to step?2 if the featurecorrespondencesom the next frameare available.

By using the above SIS procedure,the posterior distributions of the cameramotion and feature
segmentatioparameterselatedto eachobjectcan be approximatelydescribedoy the resultingsamples
andtheir correspondingveights. The samplesassociatedvith one moving objectcan be groupedusing
the sampleclusteringalgorithm.Similar to the caseof two moving objects,for a samplesetrelatedto a
moving object,the empiricalmeanof the validity vectorcanbe input to clusteringmethodssuchasthe
k-meansalgorithmto determinghe ®nalsegmentatiomf the pointson this moving object. The posterior

depthdistribution of the segmentedeaturepointsfor eachmoving objectcanthenbe obtained.

V. PERFORMANCE ANALYSIS

The proposedmethodsfor the MIMO-SfM problem have beentestedusing both syntheticand real

imagesequences.

A. Two Moving Objects

In this experiment,an image sequencevith a walking personwas usedto testthe ®stMIMO-SfM
algorithmfor two moving objects.Although therewas only one walking personin the imagesequence,
the cameracapturingthe video sequenceavas also moving. Hencethe backgroundsceneis the second
moving objectwith respectto the camera.Featurepoints were detectedand trackedby usingthe KLT

featuretracker[15]. The trajectoriesof thesefeaturesaredisplayedin Figure2 (a). Someof the features
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Fig. 2. Thetrajectoriesand segmentatiomesultof featurepointsusingthe sequencevith a walking person.(a) showsfeature
trajectories Featurepoint segmentatiomesultsusing the samplesof the validity vectorfrom the SIS procedurecorresponding
to the scenebackgroundare shownin (b) and(c). The pointsbelongingto the personandthe backgroundare markedby circles

in (b) and(c), respectively

areon the personandsomeon the backgroundBy usingthe proposedalgorithm,the two setsof motion
andvalidity vectorsampleselatedto the personandthe backgroundcanbe separated. Themaginalized
posteriordistributionsof the motion parametergassociatedvith both moving objectsareshownby (a- e)
in Figures3 (person)and4 (background)In theseplots, distributionsof motion parameterst different
time instantsarelisted column-wise from the top (the startingtime instant)to the bottom (the end). The
solid lines in plots (f) in both Figuresshow the empirical meansof the validity vectorsrelatedto the
personandthe backgroundrespectivelyThe dashedines describethe true segmentationT he resultsof
featuresegmentatiorcan be found in Figure 2. Featurepoints on the personare markedby circlesin
Figure 2 (b), and thoseon the backgroundn Figure 2 (c). All ®fteenfeaturepointson the personare
correctly segmentedvithout any false alarms.Thirteenfeaturepoints are correctly detectedout of the
sixteenpoints on the background.

Ambiguitiesin Structue from Motion: In the presenceof featuretracking errors,ambiguitiesexist in
the estimationof cameramotion and objectstructure[16], [17]. For example,in this experimentwhen
estimatinghe motionbetweerthe backgroundceneandthe cameraambiguitiescausedy the confusion
betweenout-of-image-planeotation in-image-planetranslationwere observed.Ambiguities result in
multi-modality of the posterior Each mode represents possiblesolution of the motion and structure

parametergérom the noisy featurecorrespondenceb our algorithmusing SIS, this multi-modalityin the
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Fig. 3. The maginalized posteriordistributionsof relative motion parameterdetweenthe walking personand the camera
in the real video sequence(a), (b) and (c) are the posteriordistributionsof the camerarotation anglesaboutthe , and

axes,respectively (d) and (e) are the posteriordistributionsof the azimuthand elevationanglesof the cameratranslation
direction, respectively(f) showsthe samplemeanof the validity vectorobtainedby usingthe samplesrom the SIS procedure
correspondingo the walking person.The dashed-lineshowsthe true segmentatiorof featurepoints. Featureswith positive

valuesbelongto the person.

posterioris clearly picturedby distinctpeaksin the resultingempiricalposteriordensity In this example,
therearetwo major modesin the posteriorof the cameratranslationdirectionangle,asshownin Figure
4 (e). Thesetwo modesare approximatelyseparatedyy a distanceof . It indicatesthat thereare two
solutionsof translationdirectionsand the projectionsof thesetwo translationon the image plane are
roughly in oppositedirections.

By using the methodfor depthinference,the depthvaluesof featurepoints on eachobject can be
computed.Hence,part of the structureof eachobjectat the featurepoints can be recoveredFigure 5
showsthe reconstructedD modelof the upperbody of the person.Sincetwo solutionsof background
motion exist, two setsof depthvalueswere obtainedfor the featurepoints on the backgroundscene.
Most of the correctly segmentedeaturepoints on the backgroundsceneare aroundthe bookshelf.3D
modelsof scenenearthe bookshelfcanbe reconstructedThey are shownin Figures6 and7. It canbe

seenthat the model shownin Figure 6 is thetrue one.



21

I\
*20 >20 N20
> >3 >
5 N 5 5
Z 40| Z 40| Z 40|
s s s
5 5 5
@ 60 @ 60 @ 60
o N o o
= = =
2] 2] %]
o 80 o 80 o 80
N\
100! > o 5 100! > o 5 100! > /(; 5
ROTATION ABOUT THE X AXIS ROTATION ABOUT THE Y AXIS ROTATION ABOUT THE Z AXIS
@ (b) (©)
e — Esimate
=% R 2 2
o (e} Prav/ W N vy % 1 - L
Z 10 e z T et - i — — =
e — N — 2 o o
E AL A E 0|
2 o Ay 2 o R i z
A St P
= = =
= e & G st
1%} o 12} % 22
2 80 SNV oy o 80 o B3
e ———— A Wttt m—  E—e 1 ———¥TV o — 3
Ve v P v—
100 ol 100 > 4
0 1 2 0 2 4 6 0 10 20 30 40
ELEV@jT)ION ANGLE AZIAfU)TH ANGLE FEATUR(Ef)POINT INDEX
e

Fig. 4. The maginalized posteriordistributionsof the relative motion parameterdetweenthe scenebackgroundand the
camerain the real video sequenceontaininga walking person.(a), (b) and (c) are the posteriordistributionsof the camera
rotationanglesaboutthe , and axesrespectively(d) and(e) arethe posteriordistributionsof the azimuthandelevation
anglesof the cameratranslationdirection, respectively (f) showsthe samplemeanof the validity vector obtainedby using
the samplesrom the SIS procedurecorrespondingo the backgroundThe dashed-lineshowsthe true segmentatiorof feature

points. Featureswith positive valuesbelongto the background.

B. Multiple Moving Objects

ExampleOne: In the ®rstexample a sequencavith threewalking peopleis used.Fifty featurepointson
the walking peopleare detectedafter backgroundsubtractionand their trajectoriesare shownin Figure
8 (a), superimposingn the ®rstframe of the sequencelLet us numberthe peoplein Figure8 (a) from
the left to the right. Featuresegmentatiorresultsof different personare shownby Figure 8. Several
featureson the secondpersons legs were not correctly marked.The reasonis that thesefeatureswere
not correctly trackedduring featuretracking. It can be seenin Figure 8 (a) that thesefeaturesdrifted
to the right foot of the person.Despitea small numberof errors,the majority of the featurepointsare
successfullyclusteredaroundthe correctpersons.

ExampleTwo: In this examplea syntheticvideo sequenceontainingthreemoving objectswasgenerated
to testthe performanceof the secondalgorithm.In this sequencethe ®rstobjectmovesalonga circular

track to the left part of the scene,the secondobject translatesdownwardalong the vertical axis, and
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Fig. 5. Reconstructe@D model of the walking person.

the third objecttranslatego the left without rotation.In the experiment,70 featurepointson thesethree
moving objectswereused.Among thesefeaturesthe ®rst20 featuresare on the ®rstobject,the next 20
on the secondobject, and the restlies on the third object. The trajectoriesof thesefeaturesare shown
in Figure9 (a). Figures9 (b - f) showthe estimatedmotion distributions.Sincethe motion distributions
of all threeobjectsare mixed together multiple modescan be observed.

By usingthe secondalgorithm,the motionandstructureof thesethreemovingobjectscanbe estimated
simultaneouslyFeaturesegmentationmesultsusing this sequencere shownin 10. The horizontal axis
showsthe indices of the feature points. The featurepoints belongingto the ®rst,and secondobjects
are labeledby two in Figure (a), (b) and the third objectby onein Figure (c), respectively We can
seethat thereis no false alarmin the featuresegmentatiomesults;howeversomefeaturepointson the
secondand the third objectsare not extracted.The maginalized motion distributionsof thesemoving
objectsat differenttime instantsand structureestimatesare shownin Figure11. Eachcolumnof Figure
11 correspondso the motion and structureestimategelatedto one moving object. Figuresfrom the left
to theright arerelatedto the ®rst,the secondand the third moving object. The ®rst®verows from the
top of Figure 11 showthe motion distributions.From the top to bottom,the ®guresarethe distributions
of the rotationanglesaboutthe , and axesandthe translationdirectionangles.The last row of
Figure 11 showsthe structureestimatesf the segmentedeaturepointsfor eachmoving object.

ExampleThree: This exampleusesanimagesequenceontainingtwo personsOnepersonvaswalkingto
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Fig. 6. Onereconstructe@®D modelof the backgroundscenelt canbe seenthat this modelis the correctestimateof the true

one.

Fig. 7. The other3D modelof the backgroundscenelt is a false reconstruction.
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Fig. 8. The trajectoriesand segmentatiorresults using the image sequencewith three walking people.(a) showsfeature

trajectories Featurepointsbelongingto the ®rst,secondandthird personsare markedby circlesin (b), (¢) and(d), respectively

theright andthe otherwasmovingforwardroughlyalongthe optical axis of the cameraSincethe camera
was also moving, the backgroundsceneservedas the third moving objectwith respectto the camera.
Forty-four featurepoints weretrackedthroughoutthe sequenceThe featuretrajectoriesare displayedin
Figure 12 (a). By using the secondMIMO-SfM algorithm, featureson differentmoving objectscan be
clusteredandat the sametime, the motion of eachmoving objectcanbe estimatedThe resultsof feature
segmentatiorare shownin Figures12 (b - d). Featurepoints segmenteaut for eachobjectare marked
by circles.Figure 13 showsthe empiricalmeans(thick curves)and the standarddeviation(thin bars)of
the validity vectorsusingthe clusteredsampleselatedto the pointson the backgroundFigures13 (a),
(b) and (c) showthesevaluesat theinitial, the middle andthe last time instants.Ilt canbe seenthatthe
meanof the validity vectorgraduallyevolvesto a desiredstructure,n which the entriesof the features
on the backgroundhavelarge positive valueswhile the othersnegative.The standarddeviationsof the
validity vectorarealsodecreasing.

Partial 3D modelsof theseobjectswere also reconstructedFigure 14 showsthe face model of the
®rstperson.Although only a roughmodelcanbe recovereddueto the fact that only a small numberof
featurepointsare available,the shapeof the face and surroundingregionsare correctly recovered.

Motion andstructureambiguitieswere presentwhenthe motion andstructureparametersf the second
personand the backgroundwere estimated.Two 3D modelswere computedfor eachof them, oneis
closeto the true modelandthe otheris a false reconstructionFigure 15 showsthe the two modelsof

the backgroundPicturesin eachrow showonemodel,viewedfrom a differentviewpoint.It canbe seen
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Fig. 9. Theobservedeaturetrajectoriesandthe mixed motion estimationresultsusinga syntheticsequencavith threemoving
objects.(a) showsfeaturetrajectoriesin the syntheticsequenceOne objectmovesalonga circulartrack to the left part of the
sceneanothembjecttranslateslownwardalongthe vertical axis, andthe third objectalsotranslateso the left. The maginalized
posteriordistributionsof the motion parameter®f the threeindependentlynoving objectsare showntogether (b), (c) and(d)

arethe posteriordistributionsof the camerarotationanglesaboutthe , and axesrespectively(e) and(f) arethe posterior

distributionsof the azimuthand elevationanglesof the cameratranslationdirection,respectively

that the modelshownin the ®rstrow is a correctestimateof the true model. The picturesin Figure 16
displaythe two modelsof the secondperson.Still the modelshownin the ®rstrow is a correctestimate
of the true model. It can be seenthat the true surfacereconstructioris relatively much smootherthan

the falsereconstruction.

V. CONCLUSIONS

The MIMO-SfM problemhas beeninvestigatedn this paperusing SIS. Two algorithmshave been
proposedo handledifferentscenarios(1) whenonly two objectsare presentn the imagesequenceand
(2) whentwo or moreobjectsarepresentThe statevectorcontainsboth motionandfeaturesegmentation
parametersin the ®rstalgorithmfor two objects,an SVD-basedsegmentatiormethodis proposedto
clusterthe samplesf the validity vectorof differentmovingobjects.In the secondalgorithm,a balancing

stepis addedinto the SIS procedureto preservdightly weightedsamplesso that all objectsmight have
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Fig. 10. Featuresegmentatiomesultsusingthe syntheticsequenceThe horizontalaxis showsthe indicesof the featurepoints.
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)

The featurepoints belongingto the ®rst,and the secondobjectsare labeledby two in Figure (a), (b) andthe third object by

onein Figure(c), respectively

enoughsamplego propagatempiricalmotion andvalidity vectordistributions.The two algorithmshave
beentestedusing both syntheticand real imagesequencesA limitation of the secondalgorithmis that
a large numberof samplesare requiredwhen many objectsare presentin the image sequenceSo far,

we haveonly consideredully calibratedcamera.For future researchwe would like to investigatethe

MIMO-SfM problemwith uncalibratedcameras.
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Fig. 11. Motion and structureestimateausing the syntheticsequenceThe ®rst®ve®guresat the top of the ®rstcolumnare
the maginal posteriordistributionsof the motion parametersat different time instantsand the last one showsthe structure
estimatef the segmentedeaturepoints associatedvith the ®rstobject(moving alonga circular track) andthe resultsrelated
to the secondobject (moving vertically) and the third object (moving to the left) are shownin the secondand third columns,

respectively
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Fig. 12. Thetrajectoriesand segmentatiomesultsusing the imagesequencavith two walking people,capturedby a moving

camera(a) showsfeaturetrajectories Featurepointsbelongingto differentobjectsare markedby circlesin (b), (c) and(d). (b)

showsthe featureson the ®rstperson(walking to the right) and (c) showsthe featureson the secondperson(walking alongthe

optical axis) and (d) showsthe featureson the backgroundscene.
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