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Abstract

In this paperwe proposea new probabilistic relaxation
framavork to perform robust multiple motion estimation
andsggmentatiorfroma sequencefimages.Our approadc
usesdisplacementnformation obtainedfrom tracked fea-
turesor raw spaiseoptical flow to iteratively estimatemul-
tiple motionmodels. Eadh iteration consistsof a sggmen-
tation and a motion parameterestimationstep. The mo-
tion modelsare usedto computeprobability densityfunc-
tionsfor all displacemenvectoss. Basedon the estimated
probabilitiesa pixel-wisesggmentatiordecisionis madeby
a Bayesianclassifier which is optimal in respectto mini-
mumerror. Theupdatedseggmentatiorthenrelaxesthe mo-
tion parameterestimatesThesewo stepsare iterateduntil
the error of the fitted modelsis minimized. The Bayesian
formulationprovidesa unified probabilistic framevork for
various motion modelsand inducesinherent robustness
throughits rejectionmedanism.An implementatiorof the
proposedframavork usingtranslationaland affine motion
modelsis presented.lts superiorperformanceon real im-
age sequencesontainingmultiple andfragmentednotions
is demonstated.

1 Overview

Visual motion is an importantcue for a wide rangeof
sceneanalysistaskssuchas vehicle navigation, structure
from motion,sequencstabilizationjmagesegmentatioror
objecttracking[10]. Visual motion may arisefrom mov-
ing objectsviewed by a fixedcamen againsta staticback-
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ground,in which casethe moving regionsareusedto iden-
tify and track objects[4]. Or, visual motion may imply
a moving camen depictinga still background. [7]. The
combinationof a moving cameraandmoving objectsis the
multiple motion problem,in which sgmentationand ego-
motion estimationhave to be solved at the sametime. Ex-
isting approachesor the analysisof multiple motionscan
be classifiedasthosethatusesggmentatiorto separateéno-
tion [8] [11], and thosethat do not [3] [12]. In this pa-
perwe proposeanew probabilisticrelaxationframeawork to
perform robust multiple motion estimationand sggmenta-
tion from a sequencef images. Figure 1 givesa graphi-
cal overview of our proposedsystem. Our approachuses
displacemeninformationobtainedrom trackedfeaturesor
raw sparseoptical flow to iteratively estimatemultiple mo-
tion models. Eachiterationconsistsof a sggmentationand
amotionparameteestimationstep. Themotionmodelsare
usedto computeprobability densityfunctionsfor all dis-
placementvectors. Basedon the estimatedprobabilities,
a pixel-wise segmentationdecisionis madeby a Bayesian
classifier which is optimal in respectto minimum error.
The updatedsegmentationthenrelaxesthe motion param-
eter estimates. Thesetwo stepsare repeateduntil the er-
ror of thefitted modelsis minimized. Unlike region-based
tracking methods,our systemassumesieithercoherently
moving areasnor parametricshapeapproximations. This
enablesisto successfullyanalyzescenegontainingmulti-
ple fragmentedandoccludedmotions. Comparedo popu-
lar sgmentation-freapproachesywhich consideronly the
dominantmotion, our framework simultaneoushaddresses
multiple motions. The Bayesianformulation (section 2)
providesa unified probabilisticframework for variousmo-
tion modelsand inducesinherentrobustnessagainstout-
liers throughrejectionof classificationswith insufficienta
posterioriconfidence.An implementatiorof the proposed
framework usingtranslationalandaffine motion modelsis
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Figure 1. Overview of our proposed motion
analysis system.

presentedn section3. Its superiomperformanceon realim-
agesequencesontainingmultiple andfragmentednotions
is demonstratedThe estimatecparametergreusedto sey-
ment, stabilizeandmosaicsceneshaving the accurag of
therecoseredmotions(sectiord).

2 BayesianRelaxation Framework

Our proposednethodologyworks on displacementec-
torsthatare computedby a windowed searchfor the max-
imum cross-correlatiofMCC) [13] usinga coarse-to-fine
[2] framavork. The framewnork segmentsthis setof dis-
placemenvectorsandestimateg®achseggments motionpa-
rameters.Thisis donein aniterative fashion,asillustrated
in the dark box of figure 1. Eachiterationconsistsof two
steps:

e Motion parameterestimation

e S@mentation

First, the motionis estimatedor eachsegment. This leads
to anupdateof thelikelihoodfor eachlocation’s displace-
ment. A Bayesianclassifieris emplgyed to re-sgment
the imageaccordingto the new likelihood estimates.The

new sggmentatioryieldsnew andrelaxedmotionestimates.
Thesetwo stepsareiteratedaslong astheestimategaram-
etersor thesegmentatiorchange Uponcorvergenceof this

optimization,the currentestimateiave minimal errorand
constitutehefinal estimatesSincethereis no proof of con-
vergenceatthistime, therelaxationis alsoterminatedvhen
a certainnumberof iterationsis exceeded.Subsectior?.1
discussewvariousmethodsto initialize the relaxationpro-
cessand subsectior2.2 presentsa detaileddescriptionof
thetwo stepswithin eachiteration. Section3 givesdetails
onhow we implementedheseawo stepausinganaffine mo-
tion model.

2.1 Initialization

Likeary iterative optimizationparadigmaninitial guess
is neededo startthe optimizationprocess.In our case gi-
ther aninitial sggmentationor aninitial setof motion pa-
rameterss needed. The initialization is of crucialimpor-
tanceto avoid convergingto asuboptimallocal) errormin-
imum. For our framework, we considerecthe following
threemethodologies:

e Randominitialization — All locationsare assigneda
randommotion classlabel. We chosethis to be our
defaultinitialization methodfor thefirst pair of frames
if noa priori knowledgeis given.

e [nitialization with previousresults— After processing
the first image pair, previous motion parametersare
usedto provide a goodinitialization of the relaxation
procesof thecurrentframepair. This methodinfersa
certainamountof motionsmoothnessvertime. Due
to massinertia, this is a good assumptioraslong as
inter-frametimesaresuficiently small.

e Domainspecificinitialization — Environmentinforma-
tion can also be utilized. In an active vision track-
ing setting,for example,we could assumehatin the
imageplane,the object movesslower thanthe back-
ground, and thus initialize accordingto the velocity
vector magnitude. Or we can exploit sceneknowl-
edgefor initialization when, for example, the object
is known to befound mostlyin theimagecenter

2.2 Motion Parameter Estimation and Segmenta-
tion

Throughtheinitialization, eachlocationwasassigned
preliminary (random)label sggmentingthe setof locations
into multiple motions. Let s be the numberof motionsin
the sceneandt the numberof parametersn eachmotion
model. In the motion estimationstep the inter-frame pa-
rametematrix § (of sizes by t) is computedrom the setof
displacemenvectors. This task consistsof independently
estimatingheparametevectord; for eachmotionclassm;.
Only locationslabeledasa memberof a certainmotionm;



contributeto the estimationof its parameter/ectoréi. How
thedisplacemenvectorsof theform (u,v)” areusedto es-
timatethe parametewectoréi depend®n the selectedmo-
tion modelfamily. A generic2—dimensionaplanartrans-
formationsmodelfamily is givenby equationg} and5, and
animplementatiorof maximumlik elihood(ML) estimation
is givenin section3. Closedform or iterative regressiorso-
lutions for the motion model parameter$ canbe derived
by following the ML approactfor independensamples:;
asgivenby equationl.

0; = max HP(TJ‘ |m;, ) (1)
J

The estimatednotion parameterslescribehefitted mo-
tion models. In the sggmentationstep eachlocationr;’s
motion classlabel /; is updated. The new label /; is de-
terminedby a Bayesianclassifier[5]. The current mo-
tion modelsdeterminghelik elihoodof theimagedisplace-
ments. Hence,changingthe motion estimatesupdatesall
class-specifiprobabilitiesp(r;|m;, 0) thatthe locationr;
hasadisplacementectorascomputedy thepreprocessing
stagegiventhatthe correctmotiontype is m; andthe pa-
rameters) areknown. In orderto implementthe proposed
framework, a parametrigorobability distribution family for
p(rj|lmq,8) hasto be selectede.qg., Gaussianseesection
3). Givenp(r;|m;,8) we canuseBayes'rule [5] to express
thea posterioriprobability P(m;|r;, 8) thatalocationr;’s
displacemenivasgeneratedby motionm;, asfollows:

p(rjlm;, 0) - P(m;|0)
p(r;l0)
p(rj|mi, 6) - P(m|6)
k=1 P(r|my, ) - P(mi|6)
Knowing thea posterioriprobabilities the optimal classifi-

cation(in thesensef minimummisclassificationsis made
with Bayes’decisionrule [5], asfollows:

P(milr;,0)

(2)

L — { amgmax; (P(m;|r;,0)) if max;(P(m;|r;,0)) > ¢
J 0 else

3
Thelabell; canindicateamotionclassi > 0 for I; = i or
rejectionif [; = 0. Thescalarvariablec € [0,1] denotes
auserselectedhresholdo controltheamountof rejection.
The maximuma posteriori (MAP) probability for the de-
cision hasto exceedthe confidencec. For ¢ = 0, thereis
no rejection,andfor ¢ = 1, every pixel is rejected.Useful
valuesfor ¢ shouldbe significantly greaterthan the blind
guessprobability 1/s andlessthan1. (We used0.9 for
our experiments.)The higherthe value of ¢ is chosenthe
morelikely arerejections.The following sectiondiscusses
anaffineimplementatiorof thetwo describedibstracsteps
in our framework.

3 Affine Implementation

The planarmodelcandescribethe motion of a planein
3—dimensionakpaceprojectedinto the 2—dimensionaim-
age[1] [9]. Let M;"b denotea transformatiorthat warps
frame F, to match frame F; in respectto motion m;.
This transformatiorof locationr;’s Cartesiancoordinates
(zf, y;?)T canbe corvenientlywritten asa matrix multipli-
cation using the correspondinghomogeneousoordinates
f* in frameF, to f} in frame F, [6]:

£ =M - £ 4)

with M%* andf; definedas

a,b a,b a,b
. oi,lb ei,Zb Hi,?,b 513?
@, @, a, a, a __ a a
M;”" =1 6;y 6;5 05 fif =wj | vj |5
07 Oy 1 1

In the following, we consideronly one pair of imagesand
consequentlyomit the temporalindicesa and b for im-
provedreadability Imposingthe constraintsd; 7 = 0 and
;s = 0 simplifiesthe planarmotion modelto the popular
affine model. In this case the displacementin the image
aremodeledasanaffinetransformatiorof theircoordinates.
Adding the restrictionsf;; = 1, §;2 = 0, §;4 = 0 and
0; 5 = 1 deliversthe translationaimodelthat canonly ac-
countfor displacementsonstanthroughoutheimage.The
affine motionmodelshovedthebestresultsbhecausédt pro-
videsa goodbalancefor the trade-of to keepmodelerror
andestimationerrorlow.

Let usfirstlook attheestimatiorstep.Assumingthatthe
affine motionmodelholdsfor all n; locationsr; (thatarela-
beledasmotionm;) givesusanover-determinedystemof
n; equations.A closedform least-squared-err@t.SE) so-
lution for 4 caneasilybe obtainedusingthe pseudo-inerse
methodandis givenby

fi1 Yot Yoy Y\ '/ Y2’ +au
bin | = ( ey Yy Dy ) < dxy+yu )
b3 Yo oyy 1 2rtu
(6)
and
0i 4 Szt Yy Yz -1 Say+av
bis | = ( ey Sy Yy ) ( Sy +yv )
éi,ﬁ 22T 2y 1 2yt
7
The summationsareoverall j € {1,...,n;} andthein-

dex j is omittedat all z, y, v andv symbolsin equations
6 and7. With theseequationsthe LSE estimatesf the
motionparametersanbe computedrom thedisplacement
vectors(u;,v;)T andthepreliminaryclassification Simple
LSE estimationis not robust, meaningthata single outlier



can arbitrarily worsenthe estimate. However, our frame-
work providesinherentrobustness:Pointsthat deviate too
much from the currentmodel estimateare labeledas out-
liers (rejectionclass0) by the Bayesclassifierandare ex-
cludedfrom the estimationprocedure. The toleranceof a
motion modelm; to deviationsis specifiedin termsof the
decisionconfidenceahreshold: andthetolerancematrix C;
asdescribedbelow. In otherwords,the robustnesdies in
our framewvork and thusit is not necessaryo implement
robustnesdor every particularmotion modelestimator
The secondchoicewhenimplementingthe framewvork
is which error distribution modelto usefor the classifica-
tion step. In otherwords, how do the pixel displacements
estimatedn the preprocessingtagedeviate from the dis-
placementpredictedfrom a certainmotionmodelm;? We
assumedhe error of the displacemenvectorsto be signal-
independenbivariate zero-meanGaussianadditive noise.
The Gaussiamrmodelis a good first approximationand a
well-known noisemodel.Usinga Gaussiamlistribution, the
class-specifiprobabilityp(r;|m;, §) thatadisplacemenat
locationr; wasgeneratedby motionm; is determinedo be
e 1p ot
p(rj|m;,0) = o, &P <_§di,jci dz‘,j> (8)
wherelocationr;’s differenced; ; betweencomputedand
predicteddisplacemenis

o w ) [ g

di ( v ) ( ¥i.j ) ©
andlocationr;’s displacementi; ;, ; ;)* predictedfrom
motionmodelm; is givenby

Us,j Lj
by | =M =I)-| y; (10)
0 1

The a priori probability P(m;|) is the probability of en-
counteringadisplacementausedy motionm; whenpick-
ing a randomlocationr; from the image, given the pa-
rametersd. Unlesswe have a specificand known scene
model,theparametersf theconsidere@—dimensionaino-
tion modelsareindependentrom thea priori probabilities,
so P(m;|f) = P(m;). In graphicalterms, P(m;) repre-
sentsthe fraction of the imageareathat undegoesmotion
m;. This parametercan be usedto incorporatea priori
knowledgeaboutthe analyzedscenes.For example,given
thefactthatin mostcaseshe primary motion covers80%
of theimage, P(m;) shouldbe setto 0.8. We wantto an-
alyze sceneswith two motions,namelyobjectandcamera
motion,while nottuningour systento acertainobjectsize.
Consequentlygiven s motions,leti € {1,...,s} andas-
sumeequala priori probabilitiesP(m;) = 1/s.

The covariancematrix C; representshe toleranceof a
motion classm; regardingdeviations of a single location
r;'s computeddisplacemen{u;, v;)T from the predicted
displacement;,;, ﬁi,j)T accordingto a certainmodelm;.
This matrix canbe usedto encodethe error characteristics
of motionm;. If the displacemenestimatesor a certain
motion classare known to be affectedby large errors,the
covariancematrix canbesetaccordinglyto toleratethehigh
deviations. Dependingon the specificapplicationof our
frameawork, it may alsobe desirableto adjustC; dynami-
cally for eachiterationstep(makingit anothemparametepr
afunctionof theparametersjatherthenusingafixedvalue
for eachclassm;. By default, we do not specializeon cer
tain casesandchoseequaltolerancefor all motionclasses.
C; is setto the 2 by 2 unity matrix I for all ;. Now we have
all therequiredinformationto startrelabeling(classifying)
eachlocationr; in the framewith the new labell;, using
Bayes'decisionrule (equation3). Thetwo steps,segmen-
tationandestimation areiterateduntil the resultsstabilize,
which typically happensfter2 to 20 iterations.

4 Experimental Results

Figures2(a) and (b) depictthe original two framesof
the Skatersequencg3], an exampleof highly fragmented
motion. It shovsacrowd of peoplein thebackgroundsec-
ondarymotion) thatis occludedby treesin the foreground
(primary motion). Using our estimatecpbarameterso align
theimagesaccordingo primaryandsecondarynotion,the
remainingresidualsare shovn in figures2(c) and(d), re-
spectvely. For example,in figure2(d) theimageswerereg-
isteredin respecto thecrowd’s motionbeforedifferencing.
Consequentlyhetreein the foregroundis salientin the er-
ror image.Figures2(e) and(f), respectiely, shov the suc-
cessfulmotion-basedeggmentationinto tree (primary) and
crowd (secondary)gs producedby the Bayesianclassifier
Pleasaefertohtt p: // strehl . coni research/ for
moreexamplesanddetailedresultsonavarietyof scenarios
andnumbersf motions.

5 Conclusionsand Futur e Work

In this paper we presentedh new robust stochastiae-
laxation framework for the estimationand seggmentation
of multiple motions. Within this versatileframework, a
Bayesianformulationis employed to solve the sgmenta-
tion problem. Our approachallows the robust estimation
of various modelsin multiple motion scenarioswithin a
unified framework. We demonstraten implementatiorof
our frameawork to estimateand sggmentaffine motionsin
gray-level imagesequencesThe implementationis tested
on actualsequencesf moving objectsdepictedby moving
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Figure 2. Fragmented motion in the Skater se-
quence .

cameras.Excellentresultswith low error are obtainedfor
multiple motionandfragmentednotionsequences.

In future work, we planto experimentwith a variety of
parametrianotionfamilies(including 3—dimensionaimod-
els). Another future direction could include experiments
with simultaneousiseof tracked featurepointsandsparse
sub-pixel accurateoptical flow. Moreover, an extensionto
the currentframework could be developedto automatically
pick the appropriatemotion modelfor a scenebasedon an
error measureobtainedfrom the probability densityfunc-
tions of the Bayesclassifier
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