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Abstract

Video segmentations differentfrom segmentatiorof a sin-
gle image. While several correct solutionsmay exist for
segmentinga singleimage, there needgo be a consistency
amongseymentationsof eac framefor video sggmenta-
tion. Previous approacesof video sggmentationconcen-
trate on motion,or combinemotionand color information
in a batch fashion. We proposea maximuma posteriori
probability (MAP) framevork that usesmultiple cues,like
spatiallocation,color andmotion,for sggmentation\We as-
signweightsto color and motionterms,which are adjusted
at every pixel, basedon a con dencemeasue of eat fea-
ture. We also discussthe appropriate modelingof pdfs of
ead feature of a region. Thecorrect modelingof the spa-
tial pdf imposesempoarl consistencyamongsegmentsin
consecutivédrames. This approach uni es the strengthsof
both color segmentationand motion sggmentationin one
frameavork, and showsgood resultson videosthat are not
suitedfor eitherof theseapproaces.

1 Intr oduction

Motion information hasbeenusedfor video compression
for alongtime. Codecshasedbon MPEG 1-2 andH.26x se-
ries of standardeomputethe motion of imageblocksin a
seriesof imagesandtransmitonly this motioninformation
andtheerrorin reconstructeémage.If theestimate®f mo-
tion arereasonablycorrect,the entrofy of the errorimage
is muchlowerthanthe originalimagethusachieszing com-
pression. Generally somepredeterminednd x ed block
sizeis used.

Object-basedgmentation,on the otherhand,usesre-
gions basedon real world objectsas compressiorprimi-
tives,ratherthan,say8x8blocks.Objectbasedodingoften
createprimitivesthataremorehomogeneoui textureand
thusresultsin more compressionMore importantly how-
ever, it allowstheuseof layersin coding.Realworld scenes
may be consideredasa renderingof views of multiple ob-
jectsplacedat appropriatdocations. Theseobjectsmay be
in motion with respecto eachother If individual objects

aresggmentedout during the codingphase thenthey may
be transmittedonly onceand the relative displacemenbf
eachlayermaybetransmittedn successie frames.

The key bottleneckin object-basedcompressioris re-
liable segmentationof objectsin animage. Image sey-
mentationis a well studiedbut ill posedproblem. Given
asingleimage therecanbeseveral'correct' sggmentations
of it. Moreover, therecan be several levels of sggmenta-
tion. Looking at an outdoorscenea clump of treesmight
be consideredne sggment,individual treesmight be con-
sidereddifferentsegments or individualsfeaturesof atree
(like branchestrunk, fruit) might be segmentedout. It is
easyto visualizecaseswvhere,by zoomingthe cameranto
the scenepur understandingf 'appropriate’'sggmentation
mightchange.

Sincesggmentatioris anill-posedproblem thenotionof
“correct' segmentatioris dependenon the application.For
example,for object-basedompressiorpurposesye want
to extractthe backgroundasone sggmentandall indepen-
dentlymoving objectsasseparatsegments.

The needto imposetemporal consisteng constraints
malkesvideo seggmentationdifferentfrom a seriesof single
imagesggmentationsSingleimagesegmentatiorcanyield
very differentresultsfor two very similar images. Video
segmentationrdemandghatfor a givenimage,the sggmen-
tationachievedshouldrelateto the segmentatiorof the pre-
viousimage,providedthatthey belongto the sameshot.

Spatialsggmentationjn generaljs basedon nding re-
gionsin an image that are homogeneousvith respectto
somefeature,while they differ signi cantly from otherre-
gions. Someof the mostpopularfeaturesusedfor sgmen-
tation are motion, color, texture and geometricproperties.
Motion segmentatioris apromisingparadignfor compres-
sion applicationsasdiscussedbove. Color sgmentation
mostly yields sgmentsthat are a supersebf motion sey-
ments,.e. color sggmentscanbe groupecdtogethetto yield
motion segments. 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,the segmentsyielded
by colorsegmentatiorcanbesuchthatthey cannoterecre-
atedby simply splitting motionsegments.



Figure 1: Color Similarity betweenForegroundand Back-
ground:A portionof thetreetrunkmatcheshebackground.
However, optical o w canbe usedto discriminatebetween
them.

Motion segmentation,however, hasits own problems.
Dueto occlusionanddisocclusionpptical o w is not reli-
able at the boundarieof moving objects. Therefore,sey-
mentationbasedon motion aloneresultsin sgmentswith
inaccuratdboundariesMoreover, aswe have statedearlier,
temporalconsisteng is essentiafor correctvideosegmen-
tation. Frequentlyobjectshave non-uniformmotion. For
example,a tabletennisplayerwill bein rapid motion for
a few frames,andthen may be completelystill for a few
frames.Using motion sggmentatioralone,we will be able
to sggmentthe personfrom the backgroundor the frames
in which heis moving, andthenloosethe segmentfor the
framesin which he s still. Thisis not desirablefor com-
pressiorapplicationspecausave do notwantto updatethe
backgroundnosaicevery few frames

To overcomethis problemwith motion segmentation,
severalresearcherbave proposedhe useof multiple cues
in the sgmentation(seenext sectionon literaturereview).
Most previous work on the use of multiple cuesinvolves
a sequentialapplicationof features. For examplean im-
agemay be sgmentedbasedon motion information, and
then this sgmentationmay be improved basedon color.
In this work we proposea simultaneouscombinationof
cueswithin amaximumlik elihoodframework, in whichthe
weightof eachfeatureis variedfor every pixel. Thechoice
of weightsis suchthatthey attemptto correctthetwo errors
of motion segmentationnamely erroneouso w at the oc-
clusionboundariesndinconsisteng in objectmotion. We
usecolor and o w featuresand combinetheir strengthsby
adjustingtheseweights.Moreover, temporalconsisteng is
notemphasizeth previouswork. Weimposetemporalcon-
sisteny constraintsthroughthe useof spatial probability

densityfunctions(PDFs)to biasthe maximumlikelihood
equation.This formulationis describedn the next section.

1.1 RelatedWork

Theideaof segmentinganimageinto layerswasintroduced
by DarrellandPentlandandWangandAdelson[1, 8]. Dar
rel and Pentland[1] useda robust estimationmethodto
iteratively estimatethe numberof layersandthe pixel as-
signmentgo eachlayer They shav exampleswith range
imagesand with optical ow. Wang and Adelson|[8] is
the seminalpaperon sggmentingvideointo layers. Af ne
modelis tted to blocksof optical o w, followed by a K-
meansclusteringof theseaf ne parameters.This stepin-
volves splitting and memging of layers,andtherefore is
not x ed. After the rst iteration, the shapeof regionsis
not con ned to aggreyateof blockshbut is takento a pixel
level within the blocks. The resultspresentedre corvinc-
ing, thoughthe edgesof seggmentsare not very accurate,
mostlikely dueto the errorsin the computationof optical
o w atocclusionboundaries.

Bemenet. al. [3] presenta methodfor motionsegmen-
tation by computing rst the global parametricmotion of
the entireframe,andthen nding the sgmentsthatdo not
t the global motion modelwell. Irani andPelg [10] in-
corporategemporalintegrationin this loop. A weightedag-
gregateof anumberof framesis usedto registerthecurrent
imagewith the previous one. The objectthatis currently
beingcompensatetbr thusbecomesharplyinto focusand
everythingelseblurs out, improving the stability of the so-
lution.

Theearliestwork, to ourknowledge,on combiningmul-
tiple featuresfor segmentationis reportedby Thompson
[13]. Theimageis sgmentedbasedon intensityand mo-
tion, by nding 4-connectedegionsthathave similar gray-
scaleandoptical- ow values.Theregionsarethenmerged
togetherusing a variety of heuristics. Haynesand Jain
[12] attemptto nd edgesthat are moving. The product
of consecutie-framedifferencepicture and Sobel edge-
detectomoutputextractsmoving edges.

Black [5] presentsan approachof combiningintensity
andmotionfor sggmentatiorof imagesequenceslheirap-
proachis basednMarkov Randontields. They havethree
enegy terms, of intensity boundaryand motion. Tekalp
and others[16] presenta systemin which both color and
motion segmentationis doneseparatelyfollowed by clus-
tering the color segmentstogetherthat belongto the same
motion sggment. This assumeshatthe color sggmentsare
more detailed,but neverthelessaccurate than the motion
segments,and only needto be groupedtogetherfor cor
rect sggmentation. We have shawn earlierthat this is not
alwaysthe case. Anothermethodof combiningcolor and
o w informationis presentedy Yang[15]. Theimageis
rst segmentedusingcolor usingamultiscalesegmentation
formulation. Next, correspondencis establishedetween
segmentsto nd anafne transformbetweenthe pixel lo-
cationsothe correspondingegions,usingtheir centroidas



theorigin. Theresultingaf ne transformsareusedto com-
putethesmoothedptical o w ateachpixel. Adjacentcolor
segmentsthatwereinitially computedarethenmergedto-
getherif theiroveralloptical o w is similar. Geometricand
color constraintsarealsoappliedfor trackinghands.

Finally recentpaperby BergenandMeyer [4] discusses
a unigue approachof using both color and motion infor-
mationto obtain object basedsegmentation. The authors
argue that thereis more error in optical ow at occluded
sidethanthe occludingside. Therefore the imageis sey-
mentedbasedon color and motion information indepen-
dently, andthe sgmentboundarieg@recomparedvith each
other The motion boundarieghatdo not agreewith color
boundariesindicate a disoccludingedge. Such analysis
leadsto a depthrelationshipbetweenall sggmentswhich
canthenbegrouped.

Our approachof combining multiple featuresfor seg-
mentationinvolves nding of weightsof eachfeatureat a
pixel. This ideahasparallelsin vision literature, which
might be exploredfor furtherinsights. For example,there
hasbeena large body of work in vision on sensorfusion
[7]. We seethe similarity of our approachwith this area
whenwe considetthateachfeaturethatwe areusingcanbe
consideredassentiallyascomingfrom a differentsensor

In additionto this, therehasbeenwork in the theory of
integration. Poggio,GambleandLittle [11] presenta the-
oretical frameawork for parallelintegration of vision mod-
ules, essentiallyusingMarkov RandomFieldsto integrate
severalvisual cues.Also, therehasbeenconsiderablevork
in computervision in the areaof 3D motion sggmentation.
This idea follows from the structurefrom motion (SFM)
formulations wheresegmentatioris doneeitheraftercom-
puting structure[2] or segmentationand computationof
structurearedonesimultaneously14].

2 Maximum Lik elihood Estimate

Image segmentationcan be consideredas a classi cation
problem. Given a setof datapoints (the intensity values
in animage)we wantto nd the clusteringof thesedata
pointsthatbestcorrespond$o somepropertyof theseclus-
ters. Thepropertyof interestis mostlybasedn minimizing
thevarianceof somefeatureswithin segmentswhile maxi-
mizing thevarianceof thesefeaturesacrosssegments.That
is, a sggmentationis consideredyoodif classesomputed
are homogeneousvith respectto the featurevector with
theadditionalconstrainthatno two classeshouldbe sim-
ilar (otherwisetheir pixels might be groupedtogetherinto
thesameclass).
Consideran image thatis to be sggmented,where
denotesthe time index. Supposewe want to segment
thisimageinto classesdenotedby  for to .
For every pixel , let therebe a an -dimensional
featue vector which can be mea-
suredfor eachpixel. Let usassumehatwe know the class
assignment®f eachpixel in , denotedby , i.e.

for all pixels we aregiven suchthat
. Thenwe wantto computethe class
assignmentsf every pixel in frame ,i.e.  basedonthe
classesn the previous frame andthe new obsenationsof

thefeaturevectorof eachpixel.

Let the probability of a pixel in frame belong-

ing to class be given by ,
where is thefeaturevectorof pixel attime .
Accordingto BayesRule:

1)

Equation 1 relates the a posteriori probability
to the product of and

with the scalefactor . We may use
this equatiorto the nd theprobabilityof a pixel belonging
to eachof theclasses to andthenassignthis pixel to

the classthatreturnsthe maximumprobability. Thus:

(@)

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

3)

The prior termin Equation3 may be ignoredif all classes

are equally likely to be obsened. The a priori term
can be computedfor a given obsenation if

the probability densityfunction (pdf) of the form

is known. If we make somereasonabl@assumptiongbout

this -dimensionapdf, thenwe maycompute

We assumethat the given video is alreadysegmented
into shots. The rst frame of eachof theseshotsis sey-
mentedusing someclusteringscheme.This stepis called
initial sgmentationandis describedater. For now, we as-
sumethatthe previousframeis alreadysegmented For the
next frame,the segmentsare computedusingthe informa-
tion aboutthe sggmentsin the previousframe.

To imposetemporalconsisteng, we also usethe spa-
tial locationandspreadof eachsegmentasa feature. This
biasesour solutionsuchthatwe are morelikely to pick a
solutionwith leastchangen locationof segments.

Thusour 7-dimensionafeaturevectoris given by

, Where denoteghe spatialloca-
tion, denoteghe color and denoteghe op-
tical ow at the pixel. All thesevaluescanbe measured
at eachpixel. Thelocation andthe color
is givendirectly by readingtheimage le. The ow com-
ponentis computedusinga hierarchicalversionof Lucas-
Kanades optical o w method[9].

We assumehatthethreesetsof featuresn aremutu-
ally independenti.e. their covariancematrix may be writ-
tenasa block diagonalwith zerooff-diagonalterms. This



assumptiornis valid becausejiventhe spatiallocationof a
segment,we cannotpredictits color or optical o w. Simi-
lar, a particularcolor mayoccurarywherein theimageand
thatsegmentmight be moving with ary velocity. Thus

4)

With this assumptionthe probability can

be broken down into a productof threeprobability terms.

It is importantto modelthe pdfs of theseprobabilitiesrea-

sonablywell. We assumea Gaussiarpdf for the color and

0 w componentsThis assumptiorindicatesnormally dis-
tributednoisearoundthe coloror o w meanof aclass.

(5)

In this equation, is for ow pdfand for color pdf.

and referto the meanandthe covariancematrix of
thefeaturevectorsof all thepixelsbelongingto sggment .
We usethisequatiorto nd thecolorand o w likelihoodof
every pixel belongingto eachclass . The meanof class

attime , andthe covariancematrix shouldbe
known. We cancompute and from the given
segmentsin frame . For this implementationwe as-
sumethat predictedpdf at frame is the
sameasthecomputedodf atframe ,
It is easyto modify this implementatiorsothatthe spatlal
colorand o w componentsf themearnvectorhaveamodel
of how they changefrom the computedpositionin the pre-
viousframeto the predictedpositionin the new frame.

For thespatialterm,however, aGaussiampdfis notarea-
sonableassumption.Segmentsin the imagecanbe of ary
arbitraryshapeandnot necessarilyelliptical. Thus,we use
a pdf estimatedrom the actualdata,ratherthana paramet-
ric model.We follow the approactof [6] for estimatingthe
spatialpdf of eachclass :

(6)
where is the th datapointfrom class , istheto-
tal numberof datapoints, is a smoothingparameteand

is the dimensionalityof the space(in the caseof spatial
pdf, it is 2). This pdf is essentiallygeneratedy generat-
ing a Gaussiardistribution for every datapoint asits mean,
andaddingall thesedistributionstogether The smoothing
parameter governsthe width andthe smoothnessf the
resultingpdf. This pdf canbe efciently implementedby
convolving the binary maskof a classwith a Gaussiarker
nel. Thesizeof thekernelcanbelimited by thevalueof
sothatvery smallvaluesaretreatedaszero. The valueof

effectively limits the amountof motion allowed between
two consecutie frames,andif large movements expected
within two frames(dueto fastobjectscloseto the camera
or low frame-ratejlarger shouldbeused.
Puttingthesetermstogetherin the log-likelihoodequa-
tion (3) yields:

()

Sincewe have written the space,color and o w terms
separatelywe canassignindividual weightsto eachof the
terms,if onesetof featuresneedsto be emphasizeanore
thanthe others. Let the spacecolor and o w components
onRHSof Equation7 bedenotedy , ,

respectiely. Then,by addinga separataveight
for eachtermat every pixel, we may rewrite our likelihood
equationas:

for

Equation8 representghe nal form of the maximum
likelihoodestimatefor segmentingvideo.

3 Computing Feature Weights

Overall resultsof the sggmentatiorwill heavily dependon
the weights. We useindividual weightsfor eachsetof fea-
turesfor every pixel in aframe(Equation8). We have de-
velopedasetof heuristicsor selectinghesewveights,which
arebasedon our understandingboutthe desiredsegmen-
tation. The basicparadigmbehindthe selectionof these
weightsfollowsfrom ourdiscussiorabouttheshortcomings
of motionsegmentatiorin Sectionl. We have obsenedthat
motionsegmentatiorshouldwork betterthancolor segmen-
tationif we canovercomethe problemof errorsat bound-
ariesdueto unreliableoptical o w andtemporalinconsis-
teng. It is this shortcomingof motion sggmentationthat
dictatesour choiceof weights.

We computeoptical ow by a hierarchicalversion of
Lucas-Kanadenethod[9]. Theoptical o w is smoothand
reliablewithin objects,but is erraticand unreliableat the
objectboundariesThis is sobecauseluringocclusion the
natureof thepatchto bematchedchangesvithin aframeas
somepixels getoccluded. Thus,the we may pick an arbi-
trary matchasthe o w output.

We proposetwo stepsto remedythe errorsof motion
segmentationWe x (spatial)to 1, andbalancebetween
the optical o w and color terms. To correctfor errorsat
occlusionboundaries)f ow is ‘reliable', we weight the

o w termmore,andcorrespondinglglecreas¢éheweightof
thecolorterm,andvice versa.To computethereliability of
o w, welook atthevalueof the o w likelihood

Thistermreturnstheprobabilityof thematchof optical o w



at a pixel with all the classes.The maximumvalueof this
term gives the probability of the bestmatch. The higher
this probability, the betterthis pixel matchego oneof the
existing classes. For noisy o w areas,this probability is
low, indicating the we shouldgive a higherweight to the
colortermin thoseareas.

We normalizethelog likelihood betweerD-1
by multiplying it with a sigmoidfunction. This yields our
con dencemeasure .

9)

where is a positive numberde ning the slopeof the sig-
moid function. We use in all our experiments.

The seconderror in motion sggmentationarisesout of
inconsisteng in motion. If anobjectmoveswith respecto
thebackgroundut thenstops,it shouldnotbeimmediately
madethe part of the background but shouldstill be seg-
mentedout. We caterfor this effectby computingtheabso-
lute differencebetweerthemaximumvalueof and
the secondmaximum value from amongstthe signi cant
neighborsof this class. If the differencein their probabili-
tiesis low, thenthis meanghatoptical o w is notproviding
enoughdiscriminatoryinformation. In sucha scenariowe
wantto weighcolor more.Thuswe nd

(10)

where is the highestprobability valuereturnedfrom
the neighborsof the classwhich returnedthe highestprob-
ability value. Since is always positive, we normalizeit
betweerD-1 by multiplying it with a shiftedsigmoidfunc-
tion

(11)

where is an appropriateshift parameterfor the sigmoid
function.
Havingcomputed and ,we nd theweights and
ascomplimentof eachother

(12)
(13)

3.1 Initial Segmentation

We s@gmentthe rst frame by a two step process. The
rst stepto apply the EM algorithmon color and optical
o w dataof theimageto essentiallynd a Gaussiarmix-
ture modelthat ts this 5D data. For eachpixel, we iter-
atively computeits likelihood of belongingto one of the
Gaussiardistributions,andthenthe new parametersf the
distribution. We performa x ed numberof iterationsof
this process.The next stepis to take the regionsgenerated
by this mixture modeland usethemto computeclassesn
thelikelihoodequationEquation?) to computethenew re-
gions. This processs repeatech numberof timesfor the
sameframe,till the regionsarestable. The rst stepgen-
eratesseedregions which are re ned throughthe second

step,which incorporatedoththeideaof ow weightsand
the spatialpdf. The classeshusobtainedaresuitableto be
usedfor the next frame.

4 Experiments

In our experimentswe have usedtwo testsequenceghat
presentlifferentchallengeso thevideosegmentatiomprob-
lem. The o wersequenceontainsobjectsmoving only due
to cameramotion,andthustheir motionis smoothandcon-
sistent. Portionsof the imagein this sequenceonsistof
small texture, with a numberof colorsin it. Thus, color
segmentationdoesnot yield satishctory resultsfor object
basedcompressionMotion segmentatiorof this sequence
yields errorstoo, at the boundariesof the tree. The sec-
ond testsequencés the table-tennissequencelts charac-
teristicsarealmostentirelyoppositeto the o wersequence.
Thereis almostzerobackgroundnotionin the rst partof
the sequence.The texture is largely uniform and smooth,
andthereforecolor sggmentatioralonedoesa decenfob of
extractingthe objectsof interest.Motion sggmentationpon
this sequencesuffersfrom temporalconsisteng problems,
becausedhe playerrepeatedlymovesandstops. Therefore
theplayeris veryvisiblein themagnitudeof optical o w for
afew framesandthendisappearsor a few frames.Results
arepresentedequencessingthe methoddescribedn this
paper It canbe seenthatthe methodworkswell to correct
both the errors mentionedabove. It correctedthe occlu-
sion boundariesrrorsin o wer sequenceso thatthe tree
segmenthasaccurateboundaries.It alsokeepsthe player
segmentedut evenwhenhe stopsandhasthe sameoptical
o w asthebackgroundor a numberof frames.

In the ower sequencethe motion of the objectsis
smoothand continuous,therefore,the objectsare always
segmentedout well using motion information. In theten-
nis sequencehowever, motion information fails oncethe
player stops. In such cases,the color representatiorof
the sggmentstakes over, asshavn in Figure 3, which re-
sultsin greatertemporalconsisteng and bettersggmenta-
tion thanmotionalone.Moreover, thesggmentatioris more
correctin de ning the object, comparedo color sgmen-
tation. Notice that sincewe startedwith a clusteringof
motion vectorsasour initial sggmentationthe rst frame
consistedof a bad sggmentation but that wasreadily cor-
rectedwithin a few frames. The algorithmperformedwell
for thissequencepr anobject-basedegmentatiorapplica-
tion. Movies of results,andresultson moresequenceare
availableat http://ww.cs.ucf.edu/ khan/reseatt.html

5 Summary

We have proposeda maximum likelihood framework for
video segmentation. By combiningmultiple cuesof mo-
tion andcolor at eachpixel, our methodyields meaningful
segments.Speci cally, the boundarieof our sgmentsare
accurateandwe achieve bettertemporalconsisteng.



Figure 2: Segmentationof Flower Sequenceusing both
color and motion information. Eachframe is segmented
into 6 classes. Notice the edgesof the tree are correctly
segmented Every 4th frameis shavn
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