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Abstract

We presentan unsupervisedapproach for learninga gener-
ativelayeredrepresentationof a scenefroma videofor mo-
tion segmentation.Thelearnt modelis a compositionof lay-
ers, which consistof oneor more segments. Includedin the
modelare theeffectsof image projection,lighting, andmo-
tion blur. The two main contributions of our methodare:
(i) A novel algorithmfor obtainingtheinitial estimateof the
modelusingef�cient loopybeliefpropagation;(ii) Using�� -
swapand� -expansionalgorithms,which guaranteea strong
local minima, for re�ning the initial estimate. Resultsare
presentedonseveral classesof objectswith differenttypesof
camera motion.Wecompareour methodwith thestateof the
art anddemonstratesigni�cant improvements.
1. Intr oduction
We presentan approachfor learning a generative layered
representationfrom a video for motion segmentation. Our
methodis applicableto any videocontainingpiecewisepara-
metric motion, e.g.piecewise homography, without any re-
strictionson cameramotion. It alsoaccountsfor theeffects
of occlusion,lighting andmotion blur. For example,Fig. 1
showsonesuchsequencewherea layeredrepresentationcan
be learntandusedto segmentthe walking personfrom the
staticbackground.

Many differentapproachesfor motionsegmentationhave
beenreportedin the literature. Important issuesare: (i)
whether the methodsmodel occlusion; (ii) whether they
modelspatialcontinuity; (iii) whetherthey apply to multi-
pleframes(i.e.avideosequenceinsteadof apairof images);
(iv) whetherthey areindependentof keyframesfor initializa-
tion. For instance,the approachesdescribedin [2, 4] are
examplesof methodswhich do not modelocclusion.Thus,
they tendto overcountthedatawhenlearningthemodel.

Amongstthemethodswhichdomodelocclusionarethose
whichusea layeredrepresentation[14]. Onesuchapproach,
describedin [16], dividesasceneinto (almost)planarregions
for occlusionreasoning.Torr et al. [12] extendthis repre-
sentationby allowing for parallaxdisparity. However, these
methodsrely on a keyframefor the initial estimation.Other
approaches[6, 17] overcomethis problemby usinglayered

Figure1: Four intermediateframesof a 40 framevideosequenceof a

personwalking sidewayswhere the camera is static. Giventhe sequence,

the generative modelwhich bestdescribesthe personand the background

is learnt in an unsupervisedmanner. Note that the arm alwayspartially

occludesthetorso.
�e xible sprites. A �e xible sprite is a 2D appearancemap
andmatte(mask)of an objectwhich is allowed to deform
from frame to frame accordingto pure translation. Winn
et al. [19] extend the model to handleaf�ne deformations.
Thesemethodsdonotmodelspatialcontinuitywhichleadsto
non-contiguoussegmentationwhentheforegroundandback-
groundaresimilar in appearance(seeFig. 6(c)). Moreover,
they donotmodelchangesin appearancedueto lighting and
motion blur. Most of theseapproaches,namelythosede-
scribedin [4, 6, 12, 14, 16], useeitherEM orvariationalmeth-
ods for learningthe parametersof the modelwhich makes
themproneto localminima.

Wills etal. [18] notedtheimportanceof spatialcontinuity
whenlearningtheregionsin a layeredrepresentation.Given
an initial estimate,they learn the shapeof the regions us-
ing the powerful � -expansionalgorithm[3] which guaran-
teesa stronglocal minima. However, their methoddoesnot
dealwith multiple frames. In our earlierwork [7], we de-
scribea similar motion segmentationapproachto [18] for a
videosequence.Like [10], this automaticallylearnsa gener-
ative modelof an object. However, themethoddependson
a keyframeto obtainan initial estimateof the model. This
hasthedisadvantagethatpointsnot visible in thekeyframe
arenot includedin themodel,whichleadsto incompleteseg-
mentation.

We presenta modelwhich doesnot suffer from theprob-
lems mentionedabove, i.e. (i) it modelsocclusion; (ii) it
modelsspatialcontinuity; (iii) it handlesmultiple frames;
(iv) it is learntindependentof keyframes.An initial estimate
of the model is obtainedusingef�cient loopy belief propa-
gation[5]. Given this estimate,theshapeof thesegments,
along with the layering, is learnt by minimizing an objec-
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D Data(RGB valuesof all pixelsin every frameof a video).
nF Numberof frames.
nP Numberof segmentspi includingthebackground.
l i Layernumberof segmentpi .

� i
M Mattefor segmentpi .

� i
A Appearanceparameterfor segmentpi .

� j
T i Transformationf x; y; sx ; sy ; � g of segmentpi to framej .

� j
Li Lighting parametersf aj

i ; b j
i g of segmentpi to framej .

� Modelparametersf nP ; � M ; � A ; l i ; � T ; � L g.
Table1: Parameters of thelayeredrepresentation.

tivefunctionusing�� -swapand� -expansionalgorithms[3].
Wepresentresultsonseveralclassesof objectswith different
typesof cameramotion andcomparethemwith thestateof
theart.

In thenext section,wedescribethelayeredrepresentation.
In section3, wepresenta four stageapproachto learnthepa-
rametersof the layeredrepresentationfrom a video. Sucha
modelis particularlysuitedfor applicationslike motionseg-
mentation.Resultsarepresentedin section4.

2. Layeredrepresentation
Thissectionintroducesthegenerativemodelfor layeredrep-
resentationwhich describesthe sceneas a compositionof
layers. Any frame of a video can be generatedfrom our
modelby assigningappropriatevaluesto its parameters(see
Fig. 2). It alsoprovidesthe likelihoodof that instance.The
parametersof the model,summarizedin table1, canbe di-
vided into two sets:(i) thosethatdescribethe latent image,
and(ii) thosethatdescribehow to generatetheframesusing
thelatentimage.

The latent image consistsof a set of segments, which
are 2D patterns(speci�ed by their shapeand appearance)
alongwith their layering. The layeringdeterminesthe oc-
clusionordering.Thus,eachlayercontainsanumberof non-
overlappingsegments. The shapeof a segmentpi is mod-
elledasabinarymatte� M i , of sizeequalto theframeof the
video,suchthat � M i (x) = 1 if x 2 pi and� M i (x) = 0
otherwise.

The appearance� Ai (x) is the RGB valueof pointsx 2
pi . In order to model the layers,we assigna layer number
l i to eachsegmentpi suchthat segmentsbelongingto the
samelayershareacommonlayernumber. Furthermore,each
segmentpi canpartially or completelyoccludesegmentpk ,
if andonly if l i > lk . In summary, thelatentimageis de�ned
by themattes� M , theappearance� A andthelayernumbers
l i of thenP segments.

When generatingframe j , we start from a latent image
andmapeachpoint x 2 pi to x0 usingtransformation� j

T i .
Thisimpliesthatpointsbelongingto thesamesegmentmove
rigidly together. The generatedframe is then obtainedby
compositingthe transformedsegmentsin descendingorder
of their layer numbers. For this paper, eachtransforma-
tion has� veparameters:rotation,translationandanisotropic
scalefactors.Themodelaccountsfor theeffectsof lighting

Figure2: Thetop row showsthe variouslayers of a humanmodel,the

latentimage in thiscase. Each layerconsistsof oneof moresegmentswhose

appearanceis shown.Theshapeof each segmentis representedbya binary

matte(not shownin the image). Any framej can be generatedusingthis

representationby assigningappropriatevaluesto its parameters. Notethat

thebackgroundis notshown.

conditionson theappearanceof a segmentpi usingparame-
ter � j

Li = f aj
i ; b j

i g. The changein appearanceof theseg-
mentpi in framej dueto lighting conditionsis modelledas
c(x0) = diag (aj

i ) � � Ai (x) + b j
i . Themotionof segmentpi

from framej � 1 to framej , denotedby m j
i , candetermined

usingthe transformationparameters� j � 1
T i and� j

T i . This
allows us to take into accountthechangein appearancedue
to motionblur asc(x0) =

RT
0 c(x0 � m j

i (t))dt, whereT is
thetotalexposuretimewhencapturingtheframe.

Posterior of the model: We represent the set
of all parameters of the layered representation as
� = f nP ; � M ; � A ; l i ; � T ; � L g, where nP is the to-
tal numberof segments.GivendataD, i.e. thenF framesof
avideo,theposteriorprobabilityof themodelis givenby

Pr(� jD ) =
Pr(D j� ) Pr(� )

Pr(D )
=

1
Z �

exp(� 	( � jD )) :

(1)
Theenergy 	( � jD ) hastheform

	( � jD ) =
n PX

i =1

X

x 2 p i

 

A i (x ) + � 1

X

y

(�B i (x ; y ) + � 2P i (x ; y ))

!

;

(2)
wherex andy areneighbouringpoints. Theenergy hastwo
components:(i) thedatalog likelihoodtermwhich consists
of theappearancetermA i (x) andthecontrasttermBi (x; y ),
and (ii) the prior Pi (x; y ) which encouragesspatialconti-
nuity. The relative weight of the contrastand prior terms
to , whichencouragesboundariesbetweentwo neighbouring
segmentsto lie on edgesin the frames,is givenby � 1. The
parameter� 2 is the weight given to spatialcontinuity. We
use� 1 = � 2 = 1 in ourexperiments.
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Let I j
i (x) be the observed RGB valuesof point x 0 =

� j
T i (x) in framej andcj

i (x0) bethegeneratedRGB values.
Here � j

T i (x) is the projectionof x 2 pi to frame j . The
appearancetermis givenby

A i (x) =
j = n FX

j =1

� log(Pr( I j
i (x)jx 2 pi ): (3)

The likelihoodof I j
i (x) consistsof two factors: (i) consis-

tency of texturewhichis theconditionalprobabilityof I j
i (x)

givenx 2 pi andis computedusinghistogramH i , and(ii)
consistency of motion which measureshow well the gener-
ated RGB valuescj

i (x0) matchthe observed valuesI j
i (x).

Thus,

Pr(I j
i (x )jx 2 pi ) / Pr( I j

i (x )jH i ) exp(� � (cj
i (x 0) � I j

i (x )) 2);
(4)

where� is somenormalizationconstant.We use� = 1 in
ourexperiments.

The contrastterm pushesthe projectionof the boundary
betweenpartsto lie on imageedgesandhastheform

Bi (x; y ) =
�


 i (x; y ) if x 2 pi ; y =2 pi

0 if x 2 pi ; y 2 pi :
(5)

For this paper, weuse


 i (x; y ) = exp
�

� g2
i (x; y )
2� 2

�
�

1
dist (x; y )

; (6)

where

gi (x; y ) =
1

nF

n FX

j =1

jI j
i (x) � I j

i (y )j: (7)

Thus,gi (x; y ) measuresthedifferencebetweentheRGB val-
uesI j

i (x) and I j
i (y ) throughoutthe video sequence.The

termdist (x; y ), i.e. theeuclideandistancebetweenx andy,
givesmoreweightto the4-neighbourhoodof x thantherest
of the8-neighbourhood.Thevalueof � in equation(6) deter-
mineshow theenergy 	( � jD ) is penalizedsincethepenalty
is high whengi (x; y ) < � andsmall whengi (x; y ) > � .
Thus� shouldbesuf�ciently largeto allow for thevariation
in RGB valueswithin a segment.In our experiments,we use
� = 5.

The prior is speci�ed by an Ising modelsuchthat it en-
couragesspatialcontinuity, i.e.

Pi (x; y ) =
�

T if x 2 pi ; y =2 pi

0 if x 2 pi ; y 2 pi :
(8)

In thenext section,we describea four stageapproachto cal-
culatethe parameters� of the layeredrepresentationof an
object,givendataD, by minimizingtheenergy 	( � jD ) (i.e.
maximizingPr(� jD ). The methoddescribedis applicable
to any scenewith piecewiseparametricmotion.

3. Learning layeredsegmentation
Givenavideo,ourobjective is to estimatetheparameters� ,
i.e. the latent imageandthe transformations,of the layered
representation.We obtaintheseparametersin four stages.In
the �rst stage,an initial estimateof theparametersis found.
In theremainingstages,we alternatebetweenholdingsome
parametersconstantandoptimizing the restasillustratedin
table2.

1. An initial estimateof theparameters� is obtainedby �nding
rigidly moving componentsbetweenevery pair of framesand
combiningthem(x 3.1).

2. The parameters� T ,� A and � L are kept constantand the
mattes� M are optimizedusing �� -swap and � -expansion
algorithms.Thelayernumbersl i areobtained(x 3.2).

3. Usingthere�ned valuesof � M , thenew appearanceparame-
ters� A areobtained(x 3.3).

4. Finally, the transformationparameters� T and lighting pa-
rameters� L are re-estimated,keeping � M and � A un-
changed(x 3.4).

Table2: Estimatingtheparameters of thelayeredrepresentation.

3.1. Initial estimationof parameters
In this section,we describea methodto get an initial esti-
mateof theparameters� (excludingthelayernumbersl i ) of
the layeredrepresentationby computingthe imagemotion.
Themethodis robust to changesin appearancedueto light-
ing andmotion blur. The initial estimateis obtainedusing
loopy belief propagation(LBP) andthenre�ned usinggraph
cuts. We develop a novel, ef�cient algorithmto determine
rigidly moving componentsbetweenevery pair of consec-
utive frameswhich arethencombinedto get the initial esti-
mate.Thisavoidstheproblemof �nding only thosesegments
whicharepresentin onekeyframeof thevideo.

In orderto identify pointsthatmoverigidly togetherfrom
framej to j + 1 in thegivenvideoD, we needto determine
the transformationthat mapseachpoint x in framej to its
positionin framej + 1 (i.e. theimagemotion). However, at
this stagewe areonly interestedin obtaininga coarseesti-
mateof theparameters� . We canreducethecomplexity of
theproblemby dividing framej into uniform patchesfk of
sizem � m pixelsanddeterminingtheir transformations' k .
We usem = 3 for all ourexperiments.

The initial estimateof parametersis obtainedin four
stages:(i) �nding a set of putative transformations' k for
eachfragmentin framej ; (ii) �nding the mostlikely trans-
formationfor eachfragmentin framej usingLBP (MAP es-
timation); (iii) combiningrigidly moving componentsto de-
termine� M i ; (iv) computingthe remainingparametersi.e.
� Ai , � j

T i and� j
D i . As thesizeof thepatchesis only 3 � 3

andwe restrict ourselves to consecutive frames,it is suf�-
cient to usetransformationsde�ned by a scale� k , rotation
� k andtranslationt k , i.e. ' k = f � k ; � k ; t k g.
Finding putative transformations: We de�ne a Markov
random�eld (MRF) over the patchesof frame j suchthat
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eachsite nk of the MRF representsa fragmentfk . Eachla-
belsk of sitenk correspondsto aputativetransformation' k .
Thelikelihood (sk ) of a labelmeasureshow well thefrag-
mentfk matchesframej + 1 afterundergoingtransformation
' k . TheneighbourhoodN k of eachsitenk is de�ned asits
4-neighbourhood. The prior over the transformations' k is
modelledusingpairwisepotentials (sk ; sl ). Wespecifythe
prior thatneighbouringpatchestendto moverigidly together.
Thejoint probabilityof theMRF is

Pr(' ) =
1
Z

Y

k

 (sk )
Y

n l 2N k

 (sk ; sl ) (9)

where' is thesetof transformationsf ' k ; 8kg.
By taking advantageof the fact that large scaling,trans-

lationsand rotationsare not expectedbetweenconsecutive
frames,we restrictourselvesto a small numberof putative
transformations.Speci�cally, we vary scale� k from 0:8 to
1:2 in stepsof 0:2, rotation� k from � 0:3 to 0:3 radiansin
stepsof 0:15 andtranslationst k in x andy directionsfrom
� 5 to 5 pixelsand� 10 to 10 pixels respectively in stepsof
1. Thus,thetotal numberof transformationsis 3465.

The likelihoodof fragmentfk undergoingtransformation
' k is modelledas (sk ) / exp(L (fk ; ' k )) , whereL (fk ; ' k )
is thenormalizedcross-correlationobtainedusingann � n
window aroundthe fragmentfk , after undergoing transfor-
mation ' k , with framej + 1. WhencalculatingL (fk ; ' k )
in this manner, the n � n window is subjectedto different
degreesof motionblurringaccordingto themotionspeci�ed
by ' k , andthebestmatchscoreis chosen.This, alongwith
theuseof normalizedcross-correlation,makesthelikelihood
estimationrobustto lighting changesandmotionblur. In all
our experiments,we usedn = 5. Sincethe appearanceof
a fragmentdoesnot changedrasticallybetweenconsecutive
frames,normalizedcross-correlationprovidesreliablematch
scores.Unlike [7], we do notdiscardthetransformationsre-
sulting in a low matchscore.However, it will be seenlater
that this doesnot signi�cantly increasethe amountof time
requiredfor �nding theMAP estimateof thetransformations.

Wewantto assignthepairwisepotentialssuchthatneigh-
bouringpatchesfk andf l whichdonotmoverigidly together
are penalized. However, we would be willing to take the
penaltywhendeterminingthe MAP estimateif it resultsin
bettermatchscores. Furthermore,we expect two patches
separatedby an edgeto be morelikely to move non-rigidly
sincethey might belongto differentsegments.Thus,we de-
�ne thepairwisepotentialsby a Pottsmodelsuchthat

 (sk ; sl ) =
�

1 if rigid motion;
exp(� � r (fk ; f l )) otherwise;

(10)

wherer (fk ; f l ) is thesumof thegradientsof theneighbour-
ing pixelsx 2 fk andy 2 f l , i.e. alongtheboundaryshared
by fk andf l . We use� = 1.

To handleocclusion,an additionallabel so is introduced
for eachsitenk which representsthe fragmentfk beingoc-
cludedin framej + 1. The correspondinglikelihoodsand
pairwisepotentials (so);  (sk ; so);  (so; sk ) and (so; so)
aremodelledasconstantsfor all k. In our experiments,we
usedthevalues0:1; 0:5; 0:5 and0:8 respectively.
MAP estimation: TheMAP estimateof thetransformation
for eachfragmentis foundby maximizingequation(9). We
useloopy beliefpropagation(LBP) to �nd theposteriorprob-
ability of a fragmentf j undergoingtransformation' j . LBP

is a messagepassingalgorithmsimilar to the oneproposed
by Pearl[9] for graphicalmodelswith no loops.Wedescribe
thealgorithmbrie�y [15].

Themessagethatsitenk sendsto its neighbourn l at iter-
ationt is givenby

mt
k l (sk ) =

X

sk

0

@ (sk ; sl ) (sk )
Y

n d 2N k nn l

mt � 1
dk (sk )

1

A : (11)

All messagesare initialized to 1, i.e. m0
k l (sk ) = 1, for all

k andl . The belief (posterior)of a fragmentfk undergoing
transformation' k afterT iterationsis givenby

b(sk ) =  (sk )
Y

n l 2N k

mT
lk (sk ) : (12)

Theterminationcriterionis that therateof changeof all be-
liefs falls below a certainthreshold.Thelabels�

k thatmaxi-
mizesb(sk ) is selectedfor eachfragmentthus,providing us
arobustestimateof theimagemotion.

The time complexity of LBP is O(nH 2), wheren is the
numberof sitesin theMRF andH is thenumberof labelsper
site,which makesit computationallyinfeasiblefor largeH .
However, sincethepairwisepotentialsof theMRF arede�ned
by a Pottsmodelasshown in equation(10), the runtimeof
LBP canbe reducedto O(nH ) usingthe methoddescribed
in [5].

Anotherlimitation of LBP is that it hasmemoryrequire-
mentsof O(nH ). To overcomethis problem, we use a
variation of the coarseto �ne strategy suggestedin [13].
This allows us to solve O(log(H )=log(h)) problemsof h
labels insteadof one problem of H labels, where h �
H . Thus,the memoryrequirementsarereducedto O(nh).
The time complexity is reducedfurther from O(nH ) to
O(log(H )nh= log(h)) .

The basic idea of the coarse to �ne strategy is to
group together similar labels (differing slightly only in
translation) to obtain h representativelabels � k . We
now de�ne an MRF where eachsite nk has h labels Sk

such that  (Sk ) = max' k 2 � k  (sk ) and  (Sk ; Sl ) =
max' k 2 � k ;' l 2 � l  (sk ; sl ). Using LBP on this MRF, we ob-
tain theposteriorfor eachrepresentative transformation.We
choosethebestr representativetransformations(unlike[13],
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Figure3: Resultof �nding rigidly moving componentsbetweenthe four

pairsof consecutiveframesof thevideoshownin Fig. 1. Each componentis

shownin a different colour. For instance, for the top left image, oneleg of

thepersonmovesdifferently fromtherestof thebodywhile thebackground

remainsstatic. Thecomponentsare combinedto get an initial estimateof

theshapeof thesegments.

which choosesonly thebest)with thehighestposteriorsfor
eachsite. Thesetransformationsare againdivided into h
representativetransformations.Notethattheseh transforma-
tionsarelesscoarsethantheonesusedpreviously. Werepeat
thisprocessuntil weobtainthemostlikely transformationfor
eachfragmentfk . In our experiments,we useh = 165and
r = 20. LBP wasfound to convergewithin 20 iterationsat
eachstageof thecoarseto �ne strategy.

Oncethe transformationsfor all the patchesof frame j
have beendetermined,we clusterthepointsmoving rigidly
togetherto obtainrigid components.Componentswith size
less than 100 pixels are merged with surroundingcompo-
nents. We repeatthis processfor all pairs of consecutive
framesof the video. The k th componentof framej is rep-
resentedasa setof pointsCj

k . Fig. 3 shows theresultof our
approachon four pairsof consecutive framesfor the video
shown in Fig. 1. Next, therigid componentsneedto becom-
binedto getaninitial estimateof theshapeparametersof the
segmentspi .
Combining rigid components: Given the setof all rigid
components,we want to determinethenumberof segments
pi presentin thesceneandobtainaninitial estimateof their
shape� M i . To this end,we associatethecomponentsfrom
one frame to the next using the transformationsobtained
above. This associationis consideredtransitive, therebyes-
tablishinga correspondenceof componentsthroughoutthe
videosequence.

Next, we clusterthe components,basedon appearance,
usingagglomerative clusteringsuchthat eachclusterrepre-
sentsa segmentof thescene.Thesimilarity of two compo-
nentsis measuredusingnormalizedcross-correlation.Some
componentscontaintwo or moresegments,e.g.theleg com-
ponentin thetop left imageof Fig. 3 containstwo half limbs
andthe body componentcontainsthe head,torsoandother
half limbs. We rely on every segmentof the scenebeing
detectedas an individual componentin at leastone frame.

Empirically, this assumptionis found to be true for a large
classof scenesandcameramotion.Whenclusteringwesim-
ply let componentscontainingmorethanonesegmentlie in a
clusterrepresentingoneof thesesegments.For example,the
bodycomponentin thetop left imagein Fig. 3 might lie in a
clusterrepresentingthetorsowhile theleg componentmight
belongto a clusterrepresentingthe upperhalf limb of that
leg. However, thenumberof clusterswould still beequalto
thenumberof segments.

Oncethe clustershave beenobtained,the smallestcom-
ponentof eachclustergivesthe shape� M i of the segment
pi . Thisavoidsusingacomponentcontainingmorethanone
segmentto de�ne theshapeof a segment.However, this im-
pliesthat theinitial estimatewill alwaysbesmallerthanthe
groundtruth andthus,needsto beexpandedasdescribedin
x 3.2.

We needto accountfor theerror introducedin the trans-
formationswhenthepatchesareclusteredto obtainthecom-
ponents.Thus,wemeasurethesimilarity of eachcomponent
Cj

k in framej with all thecomponentsof framel thatlie close
to thecomponentcorrespondingto Cj

k in framel. Theinitial
shapeestimatesof thesegments,excluding thebackground,
obtainedin this mannerareshown in the top row of Fig. 4.
Note thatall thesegmentsof thepersonvisible in thevideo
havebeenobtainedusingour method.
Initial estimation of parameters: Oncethe mattes� M i

are found, we needto determinethe initial estimateof the
remainingparametersof themodel. The transformationpa-
rameters� j

T i areobtainedusing' k andthecomponentclus-
ters.Theappearanceparameter� Ai (x) is givenby themean
of I j

i (x) over all framesj . The lighting parametersaj
i and

b j
i are calculatedin a leastsquaresmannerusing � Ai (x)

andI j
i (x), for all x 2 pi . The motion parametersm j

i are
givenby � j

T i and� j � 1
T i . This initial estimateof parameters

is thenre�ned by optimizing eachparameterwhile keeping
othersunchanged.We startby optimizingtheshapeparame-
ters� M asdescribedin thenext section.

3.2. Re�ning shape
In this section,we describea methodto re�ne the estimate
of the shapeparameters� M anddeterminethe layer num-
bersl i . Givenaninitial coarseestimateof thesegments,we
iteratively improve their shapeusingconsistency of motion
andtextureovertheentirevideosequence.There�nementis
carriedout suchthatit minimizestheenergy 	( � jD ) of the
model.

The distribution of the RGB valuesobtainedby project-
ing thesegmentinto all framesis givenby thehistogramH i .
This is requiredto computethe likelihoodterm in equation
(2). The histogramsH i areobtainedusing the RGB values
I j

i (x). Given the mattes� M i andthe appearanceparame-
ters � Ai , the energy of the model canbe calculatedusing
equation(2). Obviously, theoptimummattes� �

M i arethose
whichminimize	( � jD ).
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We take advantageof ef�cient algorithmsfor multi-way
graphcutswhichminimizeanenergy functionoverpoint la-
bellingsh of theform

	̂ =
X

x 2 X

D x (hx ) +
X

x ;y 2N

Vx ;y (hx ; hy ); (13)

underfairly broadconstraintson D and V . Here D x (hx )
is the cost for assigning the label hx to point x and
Vx ;y (hx ; hy ) is the cost for assigninglabelshx and hy to
theneighbouringpointsx andy respectively.

Speci�cally, we make useof two algorithms: �� -swap
and� -expansion[3]. The �� -swap algorithmiteratesover
pairsof segments,p� and p� . At eachiteration, it re�nes
themattesof p� andp� by swappingthevaluesof � M � (x)
and � M � (x) for somepoints x. The � -expansionalgo-
rithm iteratesoversegmentsp� . At eachiteration,it assigns
� M � (x) = 1 for somepoints x. Note that � -expansion
neverreducesthenumberof pointswith label� .

In [7] wedescribedanapproachfor re�ning theshapepa-
rametersof the LPS model whereall the segmentsare re-
strictedto lie in onereferenceframe.In thatcase,it wassuf-
�cient to re�ne onesegmentat a time usingthe� -expansion
algorithmalone.Sincein our layeredrepresentationthis re-
strictionno longerholdstrue, this methodwould leadto in-
correctresultsaswrongly labelledpointswould neverbere-
labelled. Hence,we extendour earlierapproachusingboth
� -expansionand�� -swapalgorithms.

We de�ne thelimit L i of a segmentpi asthesetof points
x which lie within a distanceof 25 from thecurrentshapeof
pi . Givensegmentpi , let pk bea segmentsuchthatthelimit
L i of pi overlapswith pk in at leastoneframej of thevideo.
Sucha segmentpk is saidto besurroundingthesegmentpi .
The numberof surroundingsegmentspk is quite small for
objectssuchashumansandanimalswhich arerestrictedin
motion.For example,theheadsegmentof thepersonshown
in Fig. 1 only overlapswith thetorsosegmentandtheback-
ground.

We iterateoversegmentsandre�ne theshapeof oneseg-
mentpi at a time. At eachiteration,we performan�� -swap
for pi andeachof its surroundingsegmentspk . This relabels
all the pointswhich werewrongly labelledasbelongingto
pi . We thenperforman� -expansionalgorithmto expandpi

to includethosepointsx in its limit whichmoverigidly with
pi . During the iterationre�ning pi , we considerthreepossi-
bilities for pi andits surroundingsegmentpk : l i = lk , l i > lk
or l i < lk . If l i < lk , we assignPr(I j

i (x)jx 2 pi ) = const
for framesj wherex is occludedby apoint in pk . Wechoose
theoptionwhich resultsin theminimumvalueof 	( � jD ).
We stopiteratingwhenfurther reductionof 	( � jD ) is not
possible. This providesus with a re�ned estimateof � M

alongwith thelayernumberl i of thesegments.
Fig. 4 showstheresultof re�ning theshapeparametersof

thesegmentsby theabovemethodusingtheinitial estimates.

Note thateven thoughthe torsois partially occludedby the
arm and the backleg is partially occludedby the front leg
in every frame, their completeshapehasbeenlearntusing
overlappingbinarymattes.Next, theappearanceparameters
correspondingto there�ned shapeparametersareobtained.

Figure4: The re�ned mattesof the layered representationof a person

usingmulti-waygraphcuts.Theshapeof theheadis re-estimatedafter one

iteration. Thenext iteration re�nesthetorsosegment.Subsequentiterations

re�ne thehalf limbsoneat a time. Notethat thesizeof themattesis equal

to thatof a frameof thevideobut smallermattesareshownhere for clarity.

3.3. Updating appearance
Oncethemattes� M i of thesegmentsareobtained,theap-
pearanceof a point x 2 pi , i.e. � Ai (x) is calculatedasthe
meanof I j

i (x) over all framesj . There�ned shapeandap-
pearanceparametershelp in obtaininga betterestimatefor
thetransformationsasdescribedin thenext section.

3.4. Re�ning the transformations
Finally, the transformationparameters� T andthe lighting
parameters� L arere�ned by searchingover putative trans-
formationsaroundthe initial estimate,for all segmentsat
eachframej . For eachputative transformation,parameters
f aj

i ; b j
i garecalculatedin aleastsquaresmanner. Theparam-

eterswhich resultin thesmallestSSD arechosen.Whenre-
�ning the transformation,we searchedfor putative transfor-
mationsby consideringtranslationsof upto 5 pixels, scales
between0:9 and1:1 androtationsbetween� 0:15 and0:15
radiansaroundthe initial estimate. In the next section,we
demonstratetheapplicationof the learntmodelfor segmen-
tation.

4. Results
We now presentresultsfor motion segmentationusing the
learntlayeredrepresentationof thescene.Themethodis ap-
plied to different typesof object classes(suchas jeep,hu-
mansandcows), foregroundmotion(puretranslation,piece-
wise similarity transforms)and cameramotion (static and
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panning)with staticbackgrounds.We usethesameparame-
tervaluesin all ourexperiments.

Our assumptionthat segmentsarealwaysmappedusing
only simple geometrictransformationsis not always true.
Thiswould resultin gapsbetweensegmentsin thegenerated
frame. In order to dealwith this, we relabelpointsaround
theboundaryof segments.This relabellingis performedby
using the � -expansionalgorithm. The cost D x (hx ) of as-
signingpointx aroundtheboundaryof pi to pi is theinverse
log likelihoodof its observedRGB valuesin thatframegiven
by thehistogramH i . ThecostVx ;y (hx ; hy ) of assigningtwo
differentlabelshx andhy to neighbouringpointsx andy is
directlyproportionalto Bi (x; y ) for thatframe.

Fig. 5 shows the segmentationsobtainedby generating
framesusingthe learntrepresentationby projectingall seg-
ments other than those belonging to layer 0. Fig. 5(a)
and5(b) show the resultof our approachon simplescenar-
ioswhereeachlayerof thesceneconsistsof segmentswhich
areundergoingpuretranslation.Despitehaving a lot of �e x-
ibility in theputativetransformationsby allowing for various
rotationsandscales,theinitial estimationrecoversthecorrect
transformations,i.e. thosecontainingonly translation.Note
that the transparentwindshieldof the jeepis (correctly)not
recoveredin the M .A .S.H. sequenceasthebackgroundlayer
canbeseenthroughit. For thesequenceshown in Fig. 5(b)
the methodprovesrobust to changesin lighting condition.
Not surprisingly, it learnsthe correct layering for the seg-
mentscorrespondingto thetwo people.

Fig.5(c)and5(d)show themotionsegmentationobtained
for two videos,eachof a personwalking. In bothcases,the
body is divided into the correctnumberof segments(head,
torsoandsevenvisiblehalf limbs). Ourmethodrecoverswell
from occlusionin thesecases.For suchvideos,thefeetof a
personareproblematicasthey tendto movenon-rigidlywith
the leg in someframes.Note that thegrassin Fig. 5(d) has
similar intensity to the person's trousers. Thus, recovering
thecorrecttransformationof thelegsis dif�cult.

Fig. 5(e)and5(f) arethesegmentationsof acow walking.
Again, thebodyof thecow is divided into thecorrectnum-
berof segments(head,torsoandeighthalf limbs). Thecow
in Fig. 5(e)undergoesa slight out of planerotationin some
frames,whichcausessomebits of grassto bepulledinto the
segmentation.The videoshown in Fig. 5(f) is taken from a
poorquality analogcamera.However, our algorithmproves
robustenoughto obtainthecorrectsegmentation.Note that
whenrelabellingthepointsaroundtheboundaryof segments
somepartsof the background,which aresimilar in appear-
anceto thecow, getincludedin thesegmentation.

Timing: Theinitial estimationtakesapproximately5 min-
utesfor every pair of frames: 3 minutesfor computingthe
likelihoodof thetransformationsand2 minutesfor MAP es-
timation usingLBP. The shapeparametersof the segments
arere�ned by minimizing theenergy 	( � jD ) asdescribed

(a)

(b)

(c)

(d)

(e)

(f)

Figure 5: Motion segmentationresults. In each case, the left image
showsthevarioussegmentsobtainedin differentcolours. Thetoprowshows
theoriginal videosequencewhile thesegmentationresultsare shownin the
bottomrow. (a): A 10 framevideosequencetaken from `M.A.S.H.'. The
videocontainsa jeep undergoing translationagainst a static background
while the camera pansto track the jeep. (b): A 40 framesequencetaken
from a still camera (courtesyNebojsaJojic [6]). Thescenecontainstwo
peopleundergoingpure translationin front of a staticbackground. There-
sultsshowthat the layering is learnt correctly. (c): A 40 framesequence
taken from a still camera (courtesyHedvig Sidenbladh[11]). The scene
consistsof a personwalking againsta staticbackground. Thecorrect lay-
ering of varioussegmentsof thepersonis learnt. (d): A 57 framesequence
taken from a panningcamera of a person walking against a static back-
ground (courtesyAnkur Agarwal [1]). Again, the correct layering of the
segmentsis learnt. (e): A 44 framesequenceof a cowwalkingtakenfroma
panningcamera. All thesegments,alongwith their layering, are learnt. (f):
A 30framesequenceof a cowwalkingagainsta static(homogeneous)back-
ground(courtesyDerekMagee[8]). Thevideois taken froma still analog
camera which introducesa lot of noise.

7



in x 3.2. Thegraphcut algorithmsusedhave, in practice,a
timecomplexity whichis linearin thenumberof pointsin the
binary matte� M i . It takeslessthan1 minuteto re�ne the
shapeof eachsegment.Mostof thetime is takenupin calcu-
lating thevarioustermswhichde�ne theenergy 	( � jD ) as
shown in equation(2). Thealgorithmconvergedafteratmost
2 iterationsthrougheachsegment.All timingsprovidedare
for a C++ implementationona2:4 GHzprocessor.

Ground truth comparison: The segmentation perfor-
manceof ourmethodwasassessedusingeightmanuallyseg-
mentedframes(four eachfrom the challengingsequences
shown in Fig. 5(c) and 5(f)). Out of 80901ground truth
foregroundpixelsand603131groundtruth backgroundpix-
els in theseframes,79198(97.89%)and595054(98.66%)
werepresentin thegeneratedframesrespectively. Most er-
rorsweredueto theassumptionof piecewiseparametricmo-
tion anddueto similar foregroundandbackgroundpixels.
Sensitivity of parameters: Whendeterminingrigidity of
two transformationsor clusteringfragmentto obtaincompo-
nents,we allow for the translationsto vary by onepixel in
x and y directionsto accountfor errorsintroducedby dis-
cretizationof putative transformations.Fig. 6(a) shows the
effectsof notallowing for slightvariationsin thetranslations.
As expected,it oversegmentsthebodyof theperson.How-
ever, allowing for morevariationdoesnot undersegmentas
differentcomponentsmovequitenon-rigidlyfor a largeclass
of scenesandcameramotion.Fig. 6(b)and(c) showstheef-
fectsof setting� 1 and� 2 to zero,therebynot encouraging
spatialcontinuity.

(a) (b) (c)
Figure6: (a) Resultof �nding rigidly moving componentsbetweenfour
consecutiveframesfromthevideoshownin Fig. 1withoutallowingfor slight
variation in translations(seetext). (b)-(c) The appearanceand shapeof
segmentslearnt withoutencouraging spatialcontinuity. While(b) indicates
that themethodworkswell for simplecaseswhere theforegroundandback-
grounddiffer signi�cantly (e.g. seeFig. 5(b)), theresultin (c) showsthat the
segmentationstartsto includepartsof thebackgroundif it is homogeneous
(e.g. seeFig. 5(a)).

5. Summary and Conclusions
The algorithm proposedin this paperachieves extremely
goodmotionsegmentationresults.Why is this? We believe
that the reasonsaretwo fold. Incrementalimprovementsin
theComputerVision �eld havenow ensuredthat: (i) We can
useanappropriategenerativemodelwhichaccountsfor mo-
tion, changesin appearance,layeringandspatialcontinuity.
Themodelis not too strongso asto undersegment,andnot
too weak so as to oversegment; (ii) We have more power-
ful modernalgorithmicmethodssuchasLBP andgraphcuts
whichavoid localminimabetterthanpreviousapproaches.

However, thereis still moreto do. As is standardin meth-
odsusinglayeredrepresentation,we have assumedthat the
visual aspectsof the objectsdo not changethroughoutthe
video sequence.At the very leastwe needto extend the
model to handlethe varying visual aspectsobjectspresent
in thescene,e.g.front, backand3=4 views,in additionto the
sideviews. Therestrictionof rigid motionwithin a segment
canberelaxedusingnon-parametricmotionmodels.
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