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Abstract

Videosegmentationis different fromsegmentationof a sin-
gle image. While several correct solutionsmay exist for
segmentinga singleimage, there needsto bea consistency
amongsegmentationsof each frame for video segmenta-
tion. Previousapproachesof videosegmentationconcen-
trateon motion,or combinemotionandcolor information
in a batch fashion. We proposea maximuma posteriori
probability (MAP) framework that usesmultiple cues,like
spatiallocation,color andmotion,for segmentation.Weas-
signweightsto color andmotionterms,which are adjusted
at everypixel, basedon a con�dencemeasure of each fea-
ture. We also discussthe appropriate modelingof pdfsof
each feature of a region. Thecorrectmodelingof thespa-
tial pdf imposestemporal consistencyamongsegmentsin
consecutiveframes.This approach uni�es the strengthsof
both color segmentationand motion segmentationin one
framework, and showsgoodresultson videosthat are not
suitedfor eitherof theseapproaches.

1 Intr oduction

Motion information hasbeenusedfor video compression
for a long time. CodecsbasedonMPEG1-2 andH.26xse-
riesof standardscomputethemotion of imageblocksin a
seriesof imagesandtransmitonly this motion information
andtheerrorin reconstructedimage.If theestimatesof mo-
tion arereasonablycorrect,theentropy of the error image
is muchlower thantheoriginal image,thusachieving com-
pression. Generally, somepredeterminedand �x ed block
sizeis used.

Object-basedsegmentation,on the otherhand,usesre-
gions basedon real world objectsas compressionprimi-
tives,ratherthan,say8x8blocks.Objectbasedcodingoften
createsprimitivesthataremorehomogeneousin textureand
thusresultsin morecompression.More importantly, how-
ever, it allowstheuseof layersin coding.Realworld scenes
maybeconsideredasa renderingof views of multiple ob-
jectsplacedat appropriatelocations.Theseobjectsmaybe
in motion with respectto eachother. If individual objects

aresegmentedout during thecodingphase,thenthey may
be transmittedonly onceand the relative displacementof
eachlayermaybetransmittedin successive frames.

The key bottleneckin object-basedcompressionis re-
liable segmentationof objects in an image. Image seg-
mentationis a well studiedbut ill posedproblem. Given
asingleimage,therecanbeseveral'correct' segmentations
of it. Moreover, therecan be several levels of segmenta-
tion. Looking at an outdoorscene,a clumpof treesmight
beconsideredonesegment,individual treesmight be con-
sidereddifferentsegments,or individualsfeaturesof a tree
(like branches,trunk, fruit) might be segmentedout. It is
easyto visualizecaseswhere,by zoomingthecamerainto
thescene,our understandingof 'appropriate'segmentation
mightchange.

Sincesegmentationis anill-posedproblem,thenotionof
`correct'segmentationis dependenton theapplication.For
example,for object-basedcompressionpurposes,we want
to extract thebackgroundasonesegmentandall indepen-
dentlymoving objectsasseparatesegments.

The need to impose temporal consistency constraints
makesvideosegmentationdifferentfrom a seriesof single
imagesegmentations.Singleimagesegmentationcanyield
very different resultsfor two very similar images. Video
segmentationdemandsthat for a givenimage,thesegmen-
tationachievedshouldrelateto thesegmentationof thepre-
viousimage,providedthatthey belongto thesameshot.

Spatialsegmentation,in general,is basedon �nding re-
gions in an image that are homogeneouswith respectto
somefeature,while they differ signi�cantly from otherre-
gions.Someof themostpopularfeaturesusedfor segmen-
tation aremotion, color, texture andgeometricproperties.
Motion segmentationis apromisingparadigmfor compres-
sion applications,asdiscussedabove. Color segmentation
mostly yields segmentsthat area supersetof motion seg-
ments,i.e. color segmentscanbegroupedtogetherto yield
motionsegments.However, this is not true in all cases.It
is easyto visualizea situationof a foregroundobjectmov-
ing acrossa stationarybackgroundobjectof fairly similar
color (Figure1). In sucha situation,thesegmentsyielded
by colorsegmentationcanbesuchthatthey cannotberecre-
atedby simplysplittingmotionsegments.
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Figure1: Color Similarity betweenForegroundandBack-
ground:A portionof thetreetrunkmatchesthebackground.
However, optical �o w canbeusedto discriminatebetween
them.

Motion segmentation,however, has its own problems.
Dueto occlusionanddisocclusion,optical �o w is not reli-
ableat the boundariesof moving objects. Therefore,seg-
mentationbasedon motion aloneresultsin segmentswith
inaccurateboundaries.Moreover, aswe have statedearlier,
temporalconsistency is essentialfor correctvideosegmen-
tation. Frequentlyobjectshave non-uniformmotion. For
example,a table tennisplayerwill be in rapid motion for
a few frames,and thenmay be completelystill for a few
frames.Usingmotionsegmentationalone,we will beable
to segmentthepersonfrom thebackgroundfor the frames
in which he is moving, andthenloosethesegmentfor the
framesin which he is still. This is not desirablefor com-
pressionapplications,becausewedonotwantto updatethe
backgroundmosaicevery few frames

To overcomethis problem with motion segmentation,
several researchershave proposedtheuseof multiple cues
in thesegmentation(seenext sectionon literaturereview).
Most previous work on the useof multiple cuesinvolves
a sequentialapplicationof features. For examplean im-
agemay be segmentedbasedon motion information,and
then this segmentationmay be improved basedon color.
In this work we proposea simultaneouscombinationof
cueswithin amaximumlikelihoodframework, in whichthe
weightof eachfeatureis variedfor everypixel. Thechoice
of weightsis suchthatthey attemptto correctthetwo errors
of motionsegmentation,namely, erroneous�o w at theoc-
clusionboundariesandinconsistency in objectmotion. We
usecolor and�o w featuresandcombinetheir strengthsby
adjustingtheseweights.Moreover, temporalconsistency is
notemphasizedin previouswork. Weimposetemporalcon-
sistency constraintsthroughthe useof spatialprobability

densityfunctions(PDFs)to bias the maximumlikelihood
equation.This formulationis describedin thenext section.

1.1 RelatedWork

Theideaof segmentinganimageinto layerswasintroduced
by DarrellandPentland,andWangandAdelson[1, 8]. Dar-
rel and Pentland[1] useda robust estimationmethodto
iteratively estimatethe numberof layersandthe pixel as-
signmentsto eachlayer. They show exampleswith range
imagesand with optical �o w. Wang and Adelson [8] is
theseminalpaperon segmentingvideo into layers. Af�ne
modelis �tted to blocksof optical �o w, followed by a K-
meansclusteringof theseaf�ne parameters.This stepin-
volvessplitting and merging of layers,and therefore � is
not �x ed. After the �rst iteration, the shapeof regions is
not con�ned to aggregateof blocksbut is taken to a pixel
level within theblocks. Theresultspresentedareconvinc-
ing, thoughthe edgesof segmentsare not very accurate,
most likely dueto the errorsin the computationof optical
�o w at occlusionboundaries.

Bergenet. al. [3] presentsa methodfor motionsegmen-
tation by computing�rst the global parametricmotion of
theentireframe,andthen�nding thesegmentsthatdo not
�t the global motion modelwell. Irani andPeleg [10] in-
corporatetemporalintegrationin this loop. A weightedag-
gregateof anumberof framesis usedto registerthecurrent
imagewith the previous one. The object that is currently
beingcompensatedfor thusbecomessharplyinto focusand
everythingelseblursout, improving thestability of theso-
lution.

Theearliestwork, to ourknowledge,oncombiningmul-
tiple featuresfor segmentationis reportedby Thompson
[13]. The imageis segmentedbasedon intensityandmo-
tion, by �nding 4-connectedregionsthathavesimilargray-
scaleandoptical-�ow values.Theregionsarethenmerged
togetherusing a variety of heuristics. Haynesand Jain
[12] attemptto �nd edgesthat are moving. The product
of consecutive-framedifferencepicture and Sobel edge-
detectoroutputextractsmoving edges.

Black [5] presentsan approachof combiningintensity
andmotionfor segmentationof imagesequences.Theirap-
proachis basedonMarkov RandomFields.They havethree
energy terms,of intensity, boundaryand motion. Tekalp
andothers[16] presenta systemin which both color and
motion segmentationis doneseparately, followed by clus-
tering thecolor segmentstogetherthat belongto the same
motionsegment.This assumesthat thecolor segmentsare
more detailed,but neverthelessaccurate,than the motion
segments,and only needto be groupedtogetherfor cor-
rect segmentation. We have shown earlier that this is not
alwaysthe case.Anothermethodof combiningcolor and
�o w informationis presentedby Yang[15]. The imageis
�rst segmentedusingcolorusingamultiscalesegmentation
formulation. Next, correspondenceis establishedbetween
segmentsto �nd an af�ne transformbetweenthe pixel lo-
cationsothecorrespondingregions,usingtheir centroidas
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theorigin. Theresultingaf�ne transformsareusedto com-
putethesmoothedoptical�o w ateachpixel. Adjacentcolor
segmentsthatwereinitially computedarethenmergedto-
getherif theiroveralloptical�o w is similar. Geometricand
colorconstraintsarealsoappliedfor trackinghands.

Finally recentpaperby BergenandMeyer [4] discusses
a uniqueapproachof using both color and motion infor-
mation to obtain objectbasedsegmentation. The authors
argue that thereis more error in optical �o w at occluded
sidethanthe occludingside. Therefore,the imageis seg-
mentedbasedon color and motion information indepen-
dently, andthesegmentboundariesarecomparedwith each
other. Themotion boundariesthatdo not agreewith color
boundariesindicate a disoccludingedge. Such analysis
leadsto a depthrelationshipbetweenall segmentswhich
canthenbegrouped.

Our approachof combiningmultiple featuresfor seg-
mentationinvolves�nding of weightsof eachfeatureat a
pixel. This idea has parallelsin vision literature, which
might be exploredfor further insights. For example,there
hasbeena large body of work in vision on sensorfusion
[7]. We seethe similarity of our approachwith this area
whenweconsiderthateachfeaturethatweareusingcanbe
consideredessentiallyascomingfrom a differentsensor.

In additionto this, therehasbeenwork in the theoryof
integration. Poggio,GambleandLittle [11] presenta the-
oretical framework for parallel integrationof vision mod-
ules,essentiallyusingMarkov RandomFieldsto integrate
severalvisualcues.Also, therehasbeenconsiderablework
in computervision in theareaof 3D motionsegmentation.
This idea follows from the structurefrom motion (SFM)
formulations,wheresegmentationis doneeitheraftercom-
puting structure[2] or segmentationand computationof
structurearedonesimultaneously[14].

2 Maximum Lik elihoodEstimate

Imagesegmentationcan be consideredas a classi�cation
problem. Given a set of datapoints (the intensity values
in an image)we want to �nd the clusteringof thesedata
pointsthatbestcorrespondsto somepropertyof theseclus-
ters.Thepropertyof interestis mostlybasedonminimizing
thevarianceof somefeatureswithin segmentswhile maxi-
mizing thevarianceof thesefeaturesacrosssegments.That
is, a segmentationis consideredgoodif classescomputed
are homogeneouswith respectto the featurevector, with
theadditionalconstraintthatno two classesshouldbesim-
ilar (otherwisetheir pixelsmight be groupedtogetherinto
thesameclass).

Consideran image ��� that is to be segmented,where
�

denotesthe time index. Supposewe want to segment
this imageinto � classes,denotedby �
	 for �
��� to � .
For every pixel ������������� , let therebe a an � -dimensional
feature vector ����� ��� ���"!#�
$%$&$&���('*),+ which can be mea-
suredfor eachpixel. Let usassumethatwe know theclass
assignmentsof eachpixel in �

�.-�� , denotedby /
�.-�� , i.e.

for all pixels � �.-�� �0���1��� we aregiven / �.-�� �����1�2� suchthat
�435/ �.-6� �0�7�����839� . Thenwe want to computetheclass
assignmentsof every pixel in frame

�

, i.e. /:� basedon the
classesin the previous frameandthe new observationsof
thefeaturevectorof eachpixel.

Let the probability of a pixel �����1�2� in frame
�

belong-
ing to class � 	 ���;3<�
3<��� be given by =>��� 	@? � � �����1�2�1� ,
where������������� is thefeaturevectorof pixel �����1�2� at time

�

.
Accordingto BayesRule:

=>��� 	@? � � ���������1�A�

=>�������0�7����� ? ��	.�B=>���C	D�

=>��� � �0�7�������

(1)

Equation 1 relates the a posteriori probability
=>��� 	E? � � �����1�2�1� to the product of =>��� � �����1�2� ? � 	 � and
=>��� 	 � with the scalefactor ��=>��� � �����1�2�1���

-�� . We may use
thisequationto the�nd theprobabilityof apixel belonging
to eachof theclasses� � to ��F andthenassignthis pixel to
theclassthatreturnsthemaximumprobability. Thus:

/ � �����1�2�G�IHKJELNM>HPO

	

Q

=>��� � �0���1��� ? � 	 ��=>��� 	 �

=>�������0���1����� R

(2)

where �I3S�T3U� . Sincethe denominatordoesnot de-
pendon � andis alwayspositive, we may ignoreit. Also,
we canmultiply with log function,to getthelog likelihood
relationship:

/N�V���������A�WHKJELNM>HPO

	YX
Z&[

��=>�������0�7�����
?

��	.���#\

Z&[

��=>�]��	.���@^ (3)

Theprior term in Equation3 maybe ignoredif all classes
are equally likely to be observed. The a priori term

=>�0���V�0�7������� can be computedfor a given observation if
the probability densityfunction (pdf) of the form =>�0�

?
�C�

is known. If we make somereasonableassumptionsabout
this � -dimensionalpdf, thenwemaycompute/:� .

We assumethat the given video is alreadysegmented
into shots. The �rst frame of eachof theseshotsis seg-
mentedusingsomeclusteringscheme.This stepis called
initial segmentation,andis describedlater. For now, we as-
sumethatthepreviousframeis alreadysegmented.For the
next frame,thesegmentsarecomputedusingthe informa-
tion aboutthesegmentsin thepreviousframe.

To imposetemporalconsistency, we also usethe spa-
tial locationandspreadof eachsegmentasa feature.This
biasesour solutionsuchthat we aremorelikely to pick a
solutionwith leastchangein locationof segments.

Thusour 7-dimensionalfeaturevectoris given by �_�

� �7���`�1aG�@bc�EdA��ef��gh)
+ , where �0�7����� denotesthespatialloca-

tion, � aA�Vbi�Edj) denotesthecolor and � ef��gh) denotesthe op-
tical �o w at the pixel. All thesevaluescan be measured
at eachpixel. The location �0�7����� andthe color ��aG�@bi�@dk�

is givendirectly by readingthe image�le. The �o w com-
ponentis computedusinga hierarchicalversionof Lucas-
Kanade'soptical�o w method[9].

We assumethat thethreesetsof featuresin � aremutu-
ally independent,i.e. their covariancematrix maybewrit-
tenasa block diagonal,with zerooff-diagonalterms.This
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assumptionis valid becausegiven thespatiallocationof a
segment,we cannotpredictits color or optical �o w. Simi-
lar, aparticularcolormayoccuranywherein theimageand
thatsegmentmight bemoving with any velocity. Thus

lnm

op

p

p

p

p

p

p

pq

r�s

t
t

r�s

t
u v v v v v

r�s

u�t

r�s

u�u v v v v v

v v

r�s

wxw

r�s

wzy

r�s

wx{

v v

v v

r s

y�w

r s

y6y

r s

y6{

v v

v v

r�s

{fw

r�s

{xy

r�s

{f{

v v

v v v v v

r�s

| |

r�s

|~}

v v v v v

r�s

}V|

r�s

}V}

••€

€

€

€

€

€

€

€

‚

(4)
With thisassumption,theprobability ƒ>„0…�†�„0‡7ˆ�‰�ŠC‹ Œ�•.Š can

be broken down into a productof threeprobability terms.
It is importantto modelthepdfsof theseprobabilitiesrea-
sonablywell. We assumea Gaussianpdf for thecolor and
�o w components.This assumptionindicatesnormallydis-
tributednoisearoundthecolor or �o w meanof a class.
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(5)
In this equation,› is • for �o w pdf and œ for color pdf.

—
• and

l

• refer to the meanandthe covariancematrix of
thefeaturevectorsof all thepixelsbelongingto segmentŒ

• .
Weusethisequationto �nd thecolorand�o w likelihoodof
every pixel belongingto eachclass Œ
• . The meanof class

Œ�• at time • , —6•�ž † , andthecovariancematrix
l

•0ž † shouldbe
known. We cancompute—7•0ž †

•6š

and
l

•0ž †

•6š

from thegiven
segmentsin frame •G–

Ž . For this implementation,we as-
sumethat predictedpdf at frame • , Ÿƒ>„0…�†�„�‡�ˆ1‰2Š
‹ ŒC•DŠ is the
sameasthecomputedpdf at frame •�–

Ž , ƒ>„0…�†

•�š

„0‡7ˆ�‰�ŠC‹ Œ�•.Š .
It is easyto modify this implementationsothat thespatial,
colorand�o w componentsof themeanvectorhaveamodel
of how they changefrom thecomputedpositionin thepre-
viousframeto thepredictedpositionin thenew frame.

For thespatialterm,however, aGaussianpdf is notarea-
sonableassumption.Segmentsin the imagecanbe of any
arbitraryshapeandnot necessarilyelliptical. Thus,we use
a pdf estimatedfrom theactualdata,ratherthana paramet-
ric model.We follow theapproachof [6] for estimatingthe
spatialpdf of eachclass  :
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where ¢

¯
• is the ³ th datapoint from class   , ¤ is the to-

tal numberof datapoints, r is a smoothingparameterand
› is the dimensionalityof the space(in the caseof spatial
pdf, it is 2). This pdf is essentiallygeneratedby generat-
ing aGaussiandistribution for everydatapointasits mean,
andaddingall thesedistributionstogether. Thesmoothing
parameterr governsthe width andthe smoothnessof the
resultingpdf. This pdf canbe ef�ciently implementedby
convolving thebinarymaskof a classwith a Gaussianker-
nel. Thesizeof thekernelcanbelimited by thevalueof r ,
so that very small valuesaretreatedaszero. The valueof

r effectively limits theamountof motionallowedbetween
two consecutive frames,andif largemovementis expected
within two frames(dueto fastobjectscloseto the camera
or low frame-rate)a larger r shouldbeused.

Puttingthesetermstogetherin the log-likelihoodequa-
tion (3) yields:
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Sincewe have written the space,color and �o w terms
separately, we canassignindividual weightsto eachof the
terms,if onesetof featuresneedsto be emphasizedmore
thantheothers.Let the space,color and�o w components
onRHSof Equation7 bedenotedby
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„0‡�ˆ1‰`ˆ�³BŠ respectively. Then,by addinga separateweight
for eachtermat every pixel, we mayrewrite our likelihood
equationas:

´

†@„0‡7ˆ�‰�Š

m_µK¶E·z¸¹µ

«

•Áº
Â

¡

†

„0‡7ˆ�‰�Š

´

¡

†

„0‡7ˆ�‰`ˆ�³BŠ6½

Â

¾

†

„0‡7ˆ�‰�Š

´

¾

†

„0‡�ˆ1‰`ˆ�³BŠ

½

Â

¿

†

„0‡7ˆ�‰�Š

´

¿

†

„�‡�ˆ1‰"ˆ1³BŠ for ŽÄÃ
³

ÃIÅ

„]ÆhŠ

Equation8 representsthe �nal form of the maximum
likelihoodestimatefor segmentingvideo.

3 Computing FeatureWeights

Overall resultsof thesegmentationwill heavily dependon
theweights.We useindividual weightsfor eachsetof fea-
turesfor every pixel in a frame(Equation8). We have de-
velopedasetof heuristicsfor selectingtheseweights,which
arebasedon our understandingaboutthe desiredsegmen-
tation. The basicparadigmbehindthe selectionof these
weightsfollowsfromourdiscussionabouttheshortcomings
of motionsegmentationin Section1. Wehaveobservedthat
motionsegmentationshouldworkbetterthancolorsegmen-
tation if we canovercomethe problemof errorsat bound-
ariesdueto unreliableoptical �o w andtemporalinconsis-
tency. It is this shortcomingof motion segmentationthat
dictatesour choiceof weights.

We computeoptical �o w by a hierarchicalversionof
Lucas-Kanademethod[9]. Theoptical �o w is smoothand
reliablewithin objects,but is erraticandunreliableat the
objectboundaries.This is sobecauseduringocclusion,the
natureof thepatchto bematchedchangeswithin a frameas
somepixelsgetoccluded.Thus,thewe maypick an arbi-
trarymatchasthe�o w output.

We proposetwo stepsto remedythe errorsof motion
segmentation.We�x

Â

¡ (spatial)to 1, andbalancebetween
the optical �o w and color terms. To correctfor errorsat
occlusionboundaries,If �o w is `reliable', we weight the
�o w termmore,andcorrespondinglydecreasetheweightof
thecolor term,andviceversa.To computethereliability of
�o w, welook at thevalueof the�o w likelihood

´

¿

†

„0‡7ˆ�‰`ˆ�³BŠ .
Thistermreturnstheprobabilityof thematchof optical�o w
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at a pixel with all theclasses.Themaximumvalueof this
term gives the probability of the bestmatch. The higher
this probability, the betterthis pixel matchesto oneof the
existing classes.For noisy �o w areas,this probability is
low, indicating the we shouldgive a higherweight to the
color termin thoseareas.

We normalizethelog likelihood ÇiÈ

É"Ê�Ë�Ì�Í`Ì1ÎÐÏ between0-1
by multiplying it with a sigmoidfunction. This yields our
con�dencemeasureÑÓÒ .

Ñ�ÒÕÔ Öf×GØÚÙ

Ë#Û7Ê�ÜÞÝ`Ê0ß>àPá

â

Ê

Ç:È

É"Ê�Ë�Ì�Í`Ì1ÎÐÏ1Ï�Ï~ã (9)

where Ý is a positive numberde�ning theslopeof thesig-
moid function.We useÝ

ÔIäÓå æ in all our experiments.
The seconderror in motion segmentationarisesout of

inconsistency in motion. If anobjectmoveswith respectto
thebackgroundbut thenstops,it shouldnotbeimmediately
madethe part of the background,but shouldstill be seg-
mentedout. We caterfor thiseffectby computingtheabso-
lutedifferencebetweenthemaximumvalueof ÇcÈ

É"Ê�Ë�Ì1Í2Ï and
the secondmaximumvalue from amongstthe signi�cant
neighborsof this class.If thedifferencein their probabili-
tiesis low, thenthismeansthatoptical�o w is notproviding
enoughdiscriminatoryinformation. In sucha scenario,we
wantto weighcolormore.Thuswe �nd

ç

ÔYè é

ÝêË7Ê
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é

ÝêË`ë�Ê
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È
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è (10)

whereé

ÝêË"ë is thehighestprobabilityvaluereturnedfrom
theneighborsof theclasswhich returnedthehighestprob-
ability value. Since

ç

is alwayspositive, we normalizeit
between0-1 by multiplying it with a shiftedsigmoidfunc-
tion

ÑêíîÔ ïh×GØÚÙ

Ë#Û7Ê�ÜÞÝ`Ê

ç

ÜTð�Ï�ÏVñ (11)

where ð is an appropriateshift parameterfor the sigmoid
function.

Having computedÑÓÒ and Ñ
í , we �nd theweightsò

È

and
ò*ó ascomplimentsof eachother.
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ÜôÊ

Ñ�Ò@Ñ
í
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3.1 Initial Segmentation

We segment the �rst frame by a two step process. The
�rst stepto apply the EM algorithmon color andoptical
�o w dataof the imageto essentially�nd a Gaussianmix-
ture model that �ts this 5D data. For eachpixel, we iter-
atively computeits likelihood of belongingto one of the
Gaussiandistributions,andthenthenew parametersof the
distribution. We perform a �x ed numberof iterationsof
this process.Thenext stepis to take theregionsgenerated
by this mixture modelandusethemto computeclassesin
thelikelihoodequation(Equation7) to computethenew re-
gions. This processis repeateda numberof timesfor the
sameframe,till the regionsarestable. The �rst stepgen-
eratesseedregions which are re�ned throughthe second

step,which incorporatesboth the ideaof �o w weightsand
thespatialpdf. Theclassesthusobtainedaresuitableto be
usedfor thenext frame.

4 Experiments

In our experiments,we have usedtwo testsequencesthat
presentdifferentchallengesto thevideosegmentationprob-
lem. The�o wersequencecontainsobjectsmovingonly due
to cameramotion,andthustheirmotionis smoothandcon-
sistent. Portionsof the imagein this sequenceconsistof
small texture, with a numberof colors in it. Thus, color
segmentationdoesnot yield satisfactory resultsfor object
basedcompression.Motion segmentationof this sequence
yields errorstoo, at the boundariesof the tree. The sec-
ond testsequenceis the table-tennissequence.Its charac-
teristicsarealmostentirelyoppositeto the�o wersequence.
Thereis almostzerobackgroundmotion in the �rst partof
the sequence.The texture is largely uniform andsmooth,
andthereforecolorsegmentationalonedoesadecentjob of
extractingtheobjectsof interest.Motion segmentation,on
this sequence,suffersfrom temporalconsistency problems,
becausetheplayerrepeatedlymovesandstops.Therefore
theplayeris veryvisiblein themagnitudeof optical�o w for
a few framesandthendisappearsfor a few frames.Results
arepresentedsequencesusingthemethoddescribedin this
paper. It canbeseenthatthemethodworkswell to correct
both the errorsmentionedabove. It correctedthe occlu-
sion boundarieserrorsin �o wer sequence,so that the tree
segmenthasaccurateboundaries.It alsokeepsthe player
segmentedoutevenwhenhestopsandhasthesameoptical
�o w asthebackgroundfor a numberof frames.

In the �o wer sequence,the motion of the objects is
smoothand continuous,therefore,the objectsare always
segmentedout well usingmotion information. In the ten-
nis sequence,however, motion information fails oncethe
player stops. In such cases,the color representationof
the segmentstakesover, asshown in Figure3, which re-
sults in greatertemporalconsistency andbettersegmenta-
tion thanmotionalone.Moreover, thesegmentationis more
correctin de�ning the object,comparedto color segmen-
tation. Notice that sincewe startedwith a clusteringof
motion vectorsasour initial segmentation,the �rst frame
consistedof a badsegmentation,but that wasreadily cor-
rectedwithin a few frames.Thealgorithmperformedwell
for thissequence,for anobject-basedsegmentationapplica-
tion. Moviesof results,andresultson moresequencesare
availableat http://www.cs.ucf.edu/õ khan/research.html

5 Summary

We have proposeda maximumlikelihood framework for
video segmentation. By combiningmultiple cuesof mo-
tion andcolor at eachpixel, our methodyieldsmeaningful
segments.Speci�cally, theboundariesof our segmentsare
accurateandweachievebettertemporalconsistency.
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Figure 2: Segmentationof Flower Sequenceusing both
color and motion information. Eachframe is segmented
into 6 classes.Notice the edgesof the tree are correctly
segmented.Every4th frameis shown
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