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Empirical BayesianMotion Segmentation
Nuno Vasconcelos,Andrew Lippman

Abstract— We intr oducean empirical Bayesian procedure for
the simultaneoussegmentationof an observed motion �eld and
estimation of the hyper-parameters of a Mark ov random �eld
prior . The new approach approach exhibits the Bayesianappeal
of incorporating prior beliefs, but requiresonly a qualitative de-
scription of the prior , avoiding the requirement for a quantitative
speci�cation of its parameters.This eliminates the needfor trial-
and-error strategies for the determination of these parameters
and leads to better segmentations.

Index Terms: motion segmentation,layeredrepresentations,em-
pirical Bayesianprocedures,estimationof hyper-parameters,statisti-
cal learning,expectation-maximization.

I . INTRODUCTION

The problemof motion representationis closely relatedto
that of scenesegmentation,and ef�cient motion estimation
solutionsmustbe capableof jointly addressingthe two com-
ponents.This observationhasled to a generationof algorithms
which iterate betweenoptic �o w estimationand segmenta-
tion [6], [9]. Fromastatisticalperspective,suchalgorithmscan
be seenas variationsof the expectation-maximization(EM)
algorithm [3]. EM-basedapproacheshave variousattractives
for segmentation,suchasproceedingby takingnon-greedysoft
decisionswith regardsto the assignmentof pixels to regions,
or allowing the use of sophisticatedpriors, such as Markov
random�elds (MRFs),capableof imposingspatial coherence
on the segmentation[8], [10], [11]. The main dif�culty is,
however, that such priors typically have parameterswhose
valuesare dif�cult to determinea priori. In practice, these
parametersarecommonlysetto arbitraryvaluesor adaptedto
the observed datathroughheuristics.

In this work [8], we exploit the fact that EM is itself
suitedfor empiricalBayesian(EB) [2] dataanalysisto develop
a framework for estimating the prior parametersthat best
explain the observed data.This eliminatesthe needfor trial-
and-errorstrategies for parametersettingand leadsto better
segmentationsin lessiterations.

I I . BAYESIAN AND EMPIRICAL BAYESIAN INFERENCE

Assume an observer making inferencesabout the world
property

�

, given the image feature � . Under the Bayesian
philosophy, propertiesin theworld arerandomvariableschar-
acterizedby probability densitiesthat expressthe observer's
belief in their possiblecon�gurations.All inferencesarebased
on the posteriori density
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where
�

is aparameterthatcontrolstheshapeof theproperty's
prior.

Since observation of the data merely re-scalesprior be-
liefs [5] it is important to get the priors right, a task which
is generallydif�cult in practice.Typically, onedoesnot have
absolutecertaintyaboutthe shapeof the prior or how to set
its parameters,which must be thereforeregardedas random
variables.That is, insteadof (1) inferencesshould be based
on
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While from a perceptualstandpointsucha hierarchicalstruc-
turehastheappealof modelingchangesof prior belief accord-
ing to context (differentcontexts leadto differentvaluesof

�

),
from a computationalstandpointit signi�cantly increasesthe
complexity of the problem.After all, the parametersof

���

�

�

arethemselvesrandomvariables,aswell astheparametersof
their densities,andsoon.We arethereforecaughtona endless
chain of conditional probabilities which is computationally
intractable.

The solution suggestedby the EB philosophyis to replace
�

by the estimate �

�

that maximizesthe marginal distribution
���

�

� �

� . Inferencesare thenbasedon (1) using this estimate.
While, strictly speaking,this approachviolatesthe fundamen-
tal Bayesianprinciplethatpriorsshouldnot beestimatedfrom
data,in practiceit leadsto moresensiblesolutionsthansetting
priors arbitrarily, or using priors whose main justi�cation
comes from computationalsimplicity. More importantly, it
breaks the in�nite chain of probabilities mentionedabove,
while still allowing context-dependentpriors.

Becauseprior parametersare related to observed im-
age features by hidden world properties,
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, the maximizationof
���

�

� �

� �ts natu-
rally into an EM framework. Hence,the EB perspective not
only supportsthe recent trend towards the use of EM for
segmentation,but extendsit by providing a meaningfulway
to tune the priors to the observed data.

I I I . DOUBLY STOCHASTIC MOTION MODEL

Our approachto image segmentationis basedon linear
parametricmotion models,accordingto which the motion of
a given imageregion is describedby �
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��" is the vector of pixel coordinatesin the image

plane, �
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" the pixel's motion, and �)	

��*�+
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*/.

�

" the parametervector which characterizesthe
motion of the entire region. This motion model is embedded
in a probabilisticframework, wherepixelsareassociatedwith
classesthat have a one-to-onerelationshipwith the objects
in the scene.We assumethat, conditionalon image 0-132

+

and
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the classof pixel
�

in image 0 1 , this pixel is drawn from an
independentidentically distributed(iid) Gaussianprocess
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where �
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�+* + ���

� � �,�,� �

*-, ���

�!� " is a vector of binary
indicatorvariableswith �

���

� 	.�/� (where ��� is the 0

121 vector
of thestandardunitary basis)if andonly if pixel

�

belongsto
region 0 , �3�

���

� the region's motion,
�

� its variance,and 4 the
total numberof regions1. In this work, we considerthe case
of af�ne motion where

�

	65 , �
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� is a
�87

5 matrix with
rows

�

�

�

�

�� ��9��:9 �:9 � and
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�� � , but the framework
is generic.

Denotingby
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��; � , thedependenciesbetweenthestatesof adjacentpixels
in the imagesaremodeledby an MRF prior
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UWVYX

,
X

is the set of cliques in a neighborhoodsystem Z ,
�

<

���

� is the con�guration of the neighborsof site
�

under Z ,
and

S
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;
� a functionof thecliquesinvolving site

�

and its neighbors.
While all the resultscan be extendedto any valid Z and

S

O , we concentrateon a second-ordersystem where the
neighborhoodof pixel

�

, [
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� , consistsof its 8 adjacentpixels,
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where t
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� is the expectednumber of
neighborsof site

�

in state0 under
�

� , b controlsthedegreeof
clustering,i.e. the likelihoodof moreor lessclasstransitions
betweenneighboringpixels, and

^

� the likelihoodof eachof
the regions.

IV. EM-BASED PARAMETER ESTIMATION

The fundamentalcomputationalproblemposedby the EB
framework is thatof maximizingthemarginal likelihoodof the
observed motion �eld as a function of the motion and MRF
parameters
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1Assumedto be known.

wherethesummationis over all possiblecon�gurationsof the
hiddenassignmentvariablesvector � , and x 	

�
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,
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is the vector of all motion parameters.The pair
�

0,1 �

�

� is
usuallyreferredto asthecompletedataandhaslog-likelihood
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where, for simplicity, we have droppedthe dependenceon
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The EM algorithmmaximizesthe likelihoodof the incom-

plete,observed,databy iteratingbetweentwo stepsthatacton
the log-likelihoodof the completedata.The E-stepcomputes
the so-called‚ function
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" is the vector of parameter

estimatesobtainedin the previous iteration.The M-step then
maximizesthis function with respectto x and ; . In general,
both stepsareanalytically intractable.

A. Segmentationwith knownprior parameters

The problem can be signi�cantly simpli�ed by assuming
that the prior parametersareknown. In this case,thereareno
parametersto estimatein i‡k }�~�€
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m andthis term
canbe eliminated.Nevertheless,the exact computationof the
remaining i‡k
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m is still a tremendouschallenge,
which can only be addressedthrough Markov chain Monte
Carlo procedures.However, nesting such proceduresinside
the EM iteration would lead to a prohibitive amount of
computation.

Zhang et al. [11] have shown that if Besag's pseudo-
likelihood (PL) approximation[1]
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is used,then it is reasonableto assumethat
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This suggestsan iterative procedurefor the computation
of the expectationsrequiredby the E-step:at iteration

#

, 1)
computetheconditionalassignmentprobabilities,

	

@ †

F

�

���

�
�

0 	

�

�
�,�-�

�
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imagein a pre-de�ned(typically rasterscan)order, assuming
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and2) updatetheposteriorassignmentprobabilitiesusing(12).
This is an extensionof Besag's iterated conditional modes
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(ICM) procedure,capableof supporting the soft decisions
requiredby EM, and we will thereforerefer to it as iterated
conditional probabilities (ICP). It was �rst proposed,in the
context of texture segmentation,by Zhanget al. [11].

B. Empirical BayesianSegmentation

The procedureabove has two major limitations. First, the
assumptionthat theprior parametersareknown is, in general,
unrealistic.Second,with arbitraryparameterselections,there
is no way to guaranteethat the posteriorestimates
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converge to the true marginals
�

�

���

� and it is dif�cult to
justify theassumptionbehindstep1). We now show that1) EB
estimatesprovide a naturalanswerto thesetwo problemsand
2) underthePL andICPapproximationstheseestimatesdonot
imply a signi�cant increasein complexity: theonly additional
requirementis a simpleconcave maximizationin the M-step,
no extra computationbeing requiredby the E-step.
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the expectations
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, which were alreadynecessaryfor the
evaluation of the remainingcomponentsof the ‚ function.
Therefore,underthe above approximations,thereis no com-
putationalcost in evaluating ‚ completely.

2) TheM-step: TheM-stepmaximizesthe ‚ functionwith
respectto both the motion and MRF parameters.Combin-
ing (10), (9), (12), (14) and(3)
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The maximizationof ‚ with respectto themotion parame-
tersis a variationof the least-squaresproblemfound in image
registration[9], andsolvableby any of thestandardtechniques
from the registrationliterature.In our implementation,we use
Gauss-Newton's method.The maximization with respectto
theMRF parametersdependsonly on the �rst term.Noticing,
from (4) and(5) that
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� � � � is a linear function of � , and this expression
reducesto the third term. Since the covariancematrixes in
the summationarepositive de�nite,
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‚ is negative de�nite
over theentireparameterspaceandthe ‚ functionis concave.

This implies that standardnon-linear programmingtech-
niques such as Newton's method will achieve its global
maximum in few iterationsand, togetherwith the fact that
no extra computationis requiredin theE-step,makesthecost
of EB segmentationonly marginally superiorto that required
when the parametersare pre-set.In our implementation,we
have indeedusedNewton's methodto solve themaximization
with respectto the hyper-parameters.

For the speci�c potentialsof (7), we have
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Hence,a step in the direction of the gradientchanges

^

so
that, at each pixel, the prior assignmentprobabilities move
towardstheposteriorassignmentprobabilitiesderivedfrom the
observedmotion.Similarly, a gradientstepchangesb so that,
at eachpixel, the expectednumberof neighborsin the same
stateasthepixel is equalunderboththeprior andtheposterior
distributions. I.e. EB estimationsetsthe hyper-parametersto
the valuesthat bestexplain the observed data,both in terms
of assignmentprobabilitiesandaveragenumberof neighbors
in thesamestateastheneighborhood'scentralpixel. This not
only is intuitive, but justi�es theassumptionbehindstep1) of
sectionIV-A.

Thereremains,however, oneproblem:apixel whosemotion
is poorly explainedby all the modelsin x

@ †

F will originate
zeroclass-conditionallikelihoodsand the correspondingpos-
terior region assignmentprobabilities

‹

�

���

� will beunde�ned.
To avoid this problem,we rely on the fact that a pixel which
cannotbeexplainedby any of themodelsis anoutlier, andset
thecorresponding

‹

�

���

� to zerofor all 0 . This is equivalentto
assuminga backgroundoutlier processof uniform likelihood
overtheentireparameterspace,andoriginatesrobustestimates
without increasingthe complexity of the M-step [4].

V. EXPERIMENTAL RESULTS AND CONCLUSIONS

We testedEB motion segmentationon various video se-
quences,starting with a syntheticsequencethat allows ob-
jective performanceevaluation.The sequenceis a realization
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Fig. 1. Segmentationof a syntheticsequence.From left to right: �rst frame,segmentationafter � , ��� , and ��� EM iterations.
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Fig. 2. Evolution of several parametersof the motion modelasa function of the EM iteration:a) distancebetweenparameterestimatesandtrue values,b)
varianceof the Gaussianassociatedwith eachmixture component,c) clusteringparameter� , andd) percentageof pixels classi�ed as outliers. In a) and b)
eachcurve correspondsto onecomponentof the mixture model.

Fig. 3. Segmentationsobtainedfor threesequenceswith diversecharacteristics.Top: �rst frameof eachsequence,bottom:segmentation.

Fig. 4. Flower gardensegmentationswith the MRF clusteringparameterset to arbitraryvalues(left to right ����� , �	�
��� 
 , and ������� � ).
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of the model of section III: a segmentationmask was �rst
drawn, usingGibbssampling,from the Gibbsdistribution (8)
with parameters

^

� 	 9�� b 	 9 ��� . A differenttexture (constant
intensity plus additive Gaussiannoise)was then assignedto
eachregion. Finally, subsequentframesof the sequencewere
createdaccordingto (3) with

�

� 	 9 .
Figure 1 presentsthe segmentationsobtainedafter

�

,
�

9 ,
and

�

9 iterations.The algorithm convergesquickly to a seg-
mentationthat is visually very close to the optimal and, as
expected,outlying pixels (shown in white) arelocatedmostly
along occlusion boundaries,where the assumptionsbehind
the motion model breakdown. We emphasizethat in all the
examplesthe segmentationsare shown exactly as they are
producedby the segmentationalgorithm.In fact,we have not
even tried to reassignthe outlying pixels (shown in white in
all �gures) to the segmentedregions.

Figure 2 a) shows that the motion parametersconverge
quickly to the true values.Quite interestingis the behavior
of the variance estimates,shown in b): they increase in
the early iterations, but decreaseand converge to zero as
the segmentationconverges.This varianceincrease,and the
correspondingspreadof theassociatedGaussians,allows each
region to acceptnew pixels and, therefore,progresstowards
the optimal estimates.Notice that each mixture component
is subjectto a different varianceincrease,whosemagnitude
seemsto be a function of the error of the initial estimatefor
its motion parameters.

Yet anotherinterestingfeature,visible in c), is the fact that
the b tendsto be small in early iterationsincreasingas the
segmentationmovestowardsconvergence,andconverging to a
�nal estimatewhich is verycloseto theparameter's truevalue.
Becauselower valuesof b lead to a smallerconstraintfor a
pixel to be in thesamestateasthepixels in its neighborhood,
this behavior allows pixels to move freely betweenregions
whenthereis a lot of uncertaintywith regardsto thesegmenta-
tion (early iterations),constrainingthis freedomastheprocess
approachesconvergence.It is revealingto noticethatheuristic
proceduresbasedon parameterupdatesqualitativelysimilar to
the onesabove have beenproposedin the literature[1], [4],
[7] asa way to escapelocal minimaandto improve thespeed
and accuracy of segmentationalgorithms.Theseprocedures
rely, however, on pre-de�ned updatingscheduleswhich are
hard to justify, and do not generalizewell acrossdifferent
typesof imagery. On the other hand,the updatesassociated
with theEB framework have a theoreticaljusti�cation andare
completelydriven by the data,i.e. generic.

The MRF clustering parametercan also be viewed as
the inverseof the temperatureusually associatedwith Gibbs
distributions.Underthis perspective, thebehavior of plot c), is
thatof anannealingprocess,whereoptimizationis performed
over a successionof prior distributions with characteristics
controlled by this temperature:high temperatureslead to
approximatelyuniform prior region assignmentprobabilities
in the early iterations (allowing pixels to switch between
regions very easily), the distribution becomingmore peaked
at later iterationswherelower temperaturesareused(making
it dif�cult for pixels to changestate).The EB approachis
not a true simulatedannealingprocedure,as it is completely

drivenby thedata.No pre-de�nedschedulesarerequired,and
convergenceis fast but not necessarilyto a global maximum
of the likelihood of the observed data. It exhibits however
a behavior qualitativelysimilar to that of simulatedannealing
whichappearsto give it somerobustnessagainstlocalminima.

Figure 3 presentssegmentationsfor four real sequences
with different levels of dif�culty (from pure af�ne motion
and small occlusion on the left, to motion that can only
be coarselyapproximatedby an af�ne model and signi�cant
amountsunveiledbackgroundon theright). Theadvantagesof
theEB approachareillustratedby Figure4, wherewe present
threesegmentationsof “Flowergarden”obtainedby settingthe
MRF parametersto arbitraryvalues.The �gure shows that, in
this case,thesegmentationdependscritically on thechoiceof
the clusteringparameterb . While small valuesof clustering
leadto very noisy segmentations(left), large valuesoriginate
segmentationswith reducedaccuracy near region boundaries
(right). And even though it may be possibleto obtain good
resultsby a trial-and-errorstrategy, we werenotableto obtain,
in this way, a segmentationasgood asor betterthan the EB
one. For example,setting b to the value of the optimal EB
estimatethroughoutall iterations leads to the segmentation
shown in the center, which is still signi�cantly lessaccurate
thantheonein Figure3 (noticetheleakagebetweenthehouse
and sky, and houseand �o wer bed regions,and betweenthe
areasof treedetail andsky).
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