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Abstract

We presentan unsupervise@pproad for learning a gener
ativelayeredrepresentatiorof a scenefrom a videofor mo-
tion sgmentation.Thelearnt modelis a compositiorof lay-
ers, which consistof oneor more sggments Includedin the
modelare the effectsof image projection, lighting, and mo-
tion blur. Thetwo main contributions of our methodare:
(i) A novelalgorithmfor obtainingtheinitial estimateof the
modelusingef cient loopybeliefpropagation; (ii) Using
swapand -expansioralgorithmswhich guaranteea strong

local minima, for re ning the initial estimate Resultsare

presentesn several classef objectswith differenttypesof

camern motion.We compae our methodwith the stateof the

art anddemonstate signi cant improvements.

1. Intr oduction

We presentan approachfor learninga generatie layered
representatiorfirom a video for motion segmentation. Our

methods applicableto any videocontainingpiecavisepara-
metric motion, e.g. piecavise homographywithout ary re-

strictionson cameramotion. It alsoaccountdor the effects
of occlusion lighting and motion blur. For example,Fig. 1

shavs onesuchsequencavherealayeredrepresentationan
be learntand usedto seggmentthe walking personfrom the

staticbackground.

Many differentapproachefor motion sggmentatiorhave
beenreportedin the literature. Importantissuesare: (i)
whetherthe methodsmodel occlusion; (ii) whether they
model spatial continuity; (iii) whetherthey apply to multi-
pleframes(i.e.avideosequenc@steadof apair of images);
(iv) whetherthey areindependentf keyframesfor initializa-
tion. For instance the approacheslescribedn [2, 4] are
examplesof methodswhich do not modelocclusion. Thus,
they tendto over countthe datawhenlearningthe model.

Amongstthemethodsvhichdomodelocclusionarethose
whichusealayeredrepresentatiofil4]. Onesuchapproach,
describedn [16], dividesascendnto (almost)planarregions
for occlusionreasoning. Torr et al. [12] extendthis repre-
sentatiorby allowing for parallaxdisparity However, these
methodsely on a keyframefor theinitial estimation.Other
approache$s, 17] overcomethis problemby usinglayered
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Figure 1: Four intermediateframesof a 40 framevideo sequencef a

personwalking sidevayswheee the camee is static. Giventhe sequence
the genentive modelwhich bestdescribeshe personand the badkground

is learnt in an unsupervisednanner Note that the arm always partially

occludeghetorso.

exible sprites. A exible spriteis a 2D appearancenap
and matte (mask)of an objectwhich is allowed to deform
from frame to frame accordingto pure translation. Winn

et al. [19] extendthe modelto handleafne deformations.
Thesemethodsionotmodelspatialcontinuitywhichleadsto

non-contiguousegmentatiorwhentheforegroundandback-
groundaresimilar in appearancéseeFig. 6(c)). Moreover,

they do not modelchangesn appearancdueto lighting and
motion blur. Most of theseapproacheshamelythosede-

scribedn [4, 6, 12, 14, 16], useeithereM or variationalmeth-
odsfor learningthe parameter®f the modelwhich makes
themproneto local minima.

Wills etal. [18] notedtheimportanceof spatialcontinuity
whenlearningtheregionsin alayeredrepresentationGiven
an initial estimate,they learnthe 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 sgmentationapproactto [18] for a
videosequencelike[10], this automaticallylearnsa gener
ative model of anobject. However, the methoddependn
a keyframeto obtainaninitial estimateof the model. This
hasthe disadwantagethat pointsnot visible in the keyframe
arenotincludedin themodel,whichleadsto incompleteseg-
mentation.

We presenta modelwhich doesnot suffer from the prob-
lems mentionedabove, i.e. (i) it modelsocclusion; (ii) it
modelsspatial continuity; (iii) it handlesmultiple frames;
(iv) it is learntindependentf keyframes.An initial estimate
of the modelis obtainedusingef cient loopy belief propa-
gation[5]. Giventhis estimatethe shapeof the segments,
alongwith the layering, is learntby minimizing an objec-



D Data(RGB valuesof all pixelsin every frameof avideo).
ne Numberof frames.
ne Numberof sggmentsp; includingthebackground.

li Layernumberof sgmentp; .

v | Mattefor sggmentp; .

A | Appearancgarametefor sggmentp; .

J_T. Transformatiorf x; y; sx;sy; g of segmentp; to framej .
1, | Lighting parameter$al ; b! g of sgmentp; to frame;j .
Modelparameter$np; wm; aili; T1; LG

Tablel: Parametes of thelayered representation.

tivefunctionusing -swapand -expansioralgorithmg[3].
We presentesultson severalclasse®f objectswith different
typesof cameramotion andcomparethemwith the stateof
theart.

In thenext sectionwedescribeéhelayeredrepresentation.
In section3, we presentfour stageapproacho learnthepa-
rametersf the layeredrepresentatiofrom a video. Sucha
modelis particularlysuitedfor applicationdik e motionseg-
mentation.Resultsarepresentedn section4.

2. Layeredrepresentatlon

This sectionintroduceghegeneratie modelfor layeredrep-
resentatiorwhich describeshe sceneas a compositionof

layers. Any frame of a video can be generatedrom our
modelby assigningappropriatevaluesto its parametergsee
Fig. 2). It alsoprovidesthelikelihoodof thatinstance.The
parametersf the model,summarizedn table 1, canbe di-

vided into two sets: (i) thosethatdescribethe latentimage,

and(ii) thosethatdescribenow to generatehe framesusing
thelatentimage.

The latent image consistsof a set of segments which
are 2D patterns(speci ed by their shapeand appearance)
alongwith their layering. The layering determineshe oc-
clusionordering.Thus,eachlayercontainsanumberof non-
overlappingsegments. The shapeof a sggmentp; is mod-
elledasabinarymatte i, of sizeequalto theframeof the
video,suchthat yi(x) = 1ifx 2 pjand ni(x) = 0
otherwise.

The appearance ,; (X) is the RGB valueof pointsx 2
pi. In orderto modelthe layers,we assigna layer number
li to eachsegmentp; suchthat segmentsbelongingto the
samdayershareacommonlayernumber Furthermoreeach
segmentp; canpartially or completelyoccludesegmentpy,
if andonlyif I; > Ix. In summarythelatentimageis de ned
bythemattes \ ,theappearance , andthelayernumbers
li of thenp segments.

When generatingirame j , we startfrom a latentimage
andmapeachpointx 2 p; to x° usingtransformation ;.
Thisimpliesthatpointsbelongingto the sameseggmentmove
rigidly together The generatedrameis then obtainedby
compositingthe transformedsegmentsin descendingorder
of their layer numbers. For this paper eachtransforma-
tion has ve parameterstotation,translationandanisotropic
scalefactors. The modelaccountgor the effectsof lighting

Frame 1 Fram 2 Frame k Frame n

Figure 2: Thetop row showsthe variouslayers of a humanmodel,the
latentimage in this case Ead layer consistof oneof more sggmentsvhose
appeaanceis shown.Theshapeof eath sggmentis representedy a binary
matte (not shownin theimage). Anyframej can be geneated usingthis
representatiorby assigningappropriate valuesto its parametes. Notethat
thebadgroundis notshown.

conditionson the appearancef a sggmentp; usingparame-
ter !, = fal;blg. Thechangen appearancef the sey-
mentp; in framej dueto lighting conditionsis modelledas
c(x% = diag(al) A (x)+ bl. Themotionof segmentp;
fromframej  1toframej, denotecoy m!, candetermined
usingthe transformatiorparameters |, and ’,. This
allows usto take into acco&nthe changen appearancdue
to motionblur asc(x9 = OTC(XO m! (t))dt, whereT is
thetotal exposuretime whencapturingtheframe.
Posterior of the model: We represent the set
of all parameters of the layered representationas
=fnp; wm; ajli; 1; Lg9 where np is the to-
tal numberof sggments.GivendataD, i.e. theng framesof
avideo, the posteriomprobability of the modelis givenby

. Pr(Dj )P 1 .
pr( o)y = L) = e (o))

1)
Theenegy (  jD) hastheform
Xp X X

( D)= Ai(x)+ 1 (Bi(x;y)+ 2Pi(x;y))
i=1l x2pj y

@

wherex andy areneighbouringpoints. The enegy hastwo

components(i) the datalog lik elihoodtermwhich consists
of theappearanceermA; (x) andthecontrastermB; (x;y),

and (ii) the prior P;(x;y) which encouragespatial conti-

nuity. The relative weight of the contrastand prior terms
to, whichencourageboundariedetweertwo neighbouring
segmentsto lie on edgesin the frames,is givenby 1. The
parameter ; is the weight given to spatialcontinuity. We

use 1 = » = linourexperiments.



Let | ,’ (X) be the obsered RGB valuesof point x0 =
L (x) in framej andc] (x% bethegeneratedkGs values.

Here %,(x) is the projectionof x 2 p; to framej. The
appearanctermis givenby

Ixne

Ai(x) = log(Pr( 1 (x)ix 2 pi): (3)

=1

The likelihoodof | |' (x) consistsof two factors: (i) consis-
teng of texturewhich s the conditionalprobabilityof I / (x)

givenx 2 p; andis computedusinghistogramH;, and (ii)

consisteng of motion which measurefiow well the gener

atedrGB valuesc! (x9 matchthe obsered valuesl ! (x).

Thus,

Pr(l}(x)jx 2 p)/ Pr(1] (x)jHi)exp( (¢l (x) 1] (x)?);
(4)
where is somenormalizationconstant.Weuse = 1in

our experiments.
The contrastterm pushesghe projectionof the boundary
betweerpartsto lie onimageedgesandhasthe form

ey — i(x;y) if x2py 2p
BI(va)_ 0 If szllyzpl (5)
For this paperwe use
o g’ (x;y) 1
where
1 X .
GOGy) = = ey Hyi @)

j=1

Thus,gi (x; y) measurethedifferencebetweertheRGB val-
uesl! (x) andl{ (y) throughoutthe video sequence.The
termdist (x;y), i.e.theeuclideardistancébetweerx andy,
givesmoreweightto the 4-neighbourhooaf x thantherest
of the8-neighbourhoodThevalueof in equation6) deter
mineshow theenegy (  jD) is penalizedsincethepenalty
is highwheng (x;y) < andsmallwheng;(x;y) >
Thus shouldbe sufciently largeto allow for thevariation
in RGB valueswithin a segment.In our experimentswe use
=5
The prior is speci ed by an Ising modelsuchthatit en-
couragespatialcontinuity; i.e.
T |if

X 2Py Zp
Pi(X;y): 0 if bi:y X

8
X2 pisy 2 pi ®)

In the next sectionwe describea four stageapproacho cal-
culatethe parameters of the layeredrepresentationf an
object,givendataD, by minimizingtheenegy (  jD) (i.e.
maximizingPr( jD). The methoddescribeds applicable
to ary scenewith piecavise parametrianotion.

3

3. Learning layered segmentation
Givenavideo,ourobjectiveis to estimateghe parameters ,
i.e. the latentimageandthe transformationsof the layered
representatioriVe obtaintheseparametern four stagesin
the rst stageaninitial estimateof the parameterss found.
In theremainingstagesye alternatebetweerholdingsome
parametergonstantand optimizing the restasillustratedin
table2.

1. Aninitial estimateof the parameters is obtainedby nding

rigidly moving componentbetweerevery pair of framesand
combiningthem(x 3.1).

2. The parameters 1, a and | arekeptconstantandthe
mattes v areoptimizedusing -swap and -expansion
algorithms.Thelayernumberd; areobtained(x 3.2).

3. Usingthere ned valuesof
ters a areobtained(x 3.3).

m , thenew appearancparame-

4. Finally, the transformationparameters 1 and lighting pa-
rameters | arere-estimatedkeeping m and a un-
changedx 3.4).

Table2: Estimatingthe parametes of thelayered representation.

3.1 Initial estimationof parameters

In this section,we describea methodto getaninitial esti-
mateof theparameters (excludingthelayernumberd;) of
the layeredrepresentatioy computingthe imagemotion.
The methodis robustto changesn appearancdueto light-
ing and motion blur. The initial estimateis obtainedusing
loopy belief propagationLBP) andthenre ned usinggraph
cuts. We develop a novel, ef cient algorithmto determine
rigidly moving componentdbetweenevery pair of consec-
utive frameswhich arethencombinedto gettheinitial esti-
mate.Thisavoidstheproblemof nding onlythoseseggments
which arepresenin onekeyframeof thevideo.

In orderto identify pointsthatmoverigidly togetherfrom
framej toj + 1in thegivenvideoD, we needto determine
the transformatiorthat mapseachpoint x in framej to its
positionin framej + 1 (i.e.theimagemotion). However, at
this stagewe are only interestedn obtaininga coarseesti-
mateof the parameters . We canreducethe compleity of
the problemby dividing framej into uniform patched of
sizem m pixelsanddeterminingheirtransformations .
We usem = 3for all ourexperiments.

The initial estimateof parameterss obtainedin four
stages:(i) nding a setof putatve transformations  for
eachfragmentin framej; (i) nding the mostlikely trans-
formationfor eachfragmentin framej usingLBP (MAP es-
timation); (iii) combiningrigidly moving componentso de-
termine v ; (iv) computingthe remainingparameters.e.

A, riand 1. Asthesizeof thepatchessonly3 3
and we restrict oursehesto consecutre frames,it is suf-
cientto usetransformationsie ned by a scale i, rotation

k andtranslatiorty,i.e.' x = f «; «;tkQ.
Finding putative transformations: We de ne a Markov
random eld (MRF) over the patchesof framej suchthat




eachsite ni of the MRF representa fragmentf,. Eachla-

belsi of siteny correspond$o aputativetransformation .

Thelikelihood (sk) of alabelmeasuresiow well the frag-

mentf, matchedramej + 1 afterundegoingtransformation
' k. TheneighbourhoodN of eachsiteny is de ned asits

4-neighbourhood The prior over the transformations g is

modelledusingpairwisepotentials (sk;s)). We specifythe
prior thatneighbouringpatchesendto moverigidly together
Thejoint probability of the MRF is

1Y Y
Pr()=2 (s
k ni 2N ¢

(sk;si)

9)

where' isthesetof transformation$’ ; 8kg.

By taking advantageof the factthatlarge scaling,trans-
lations and rotationsare not expectedbetweenconsecutie
frames,we restrictoursehesto a small numberof putatve
transformations.Speci cally, we vary scale ¢ from 0:8 to
1:2 in stepsof 0:2, rotation x from 0:3 to 0:3 radiansin
stepsof 0:15 andtranslationg i in x andy directionsfrom

5to 5 pixelsand 10to 10 pixelsrespectiely in stepsof
1. Thus,thetotal numberof transformationss 3465

Thelikelihoodof fragmentf, undegoingtransformation
k ismodelledas (sx)/ exp(L(fx;' k)),whereL (fx;" «)
is the normalizedcross-correlatiombtainedusingann  n
window aroundthe fragmentfy, after undegoing transfor
mation' i, with framej + 1. WhencalculatingL (fx;" «)
in this mannerthen n window is subjectedo different
degreesof motionblurring accordingio themotionspeci ed
by ' «, andthe bestmatchscoreis chosen.This, alongwith
theuseof normalizedcross-correlatiormakesthelik elihood
estimationrobustto lighting changesindmotionblur. In all
our experimentswe usedn = 5. Sincethe appearancef
a fragmentdoesnot changedrasticallybetweenconsecutie
frames normalizedcross-correlatioprovidesreliablematch
scoresUnlike [7], we do notdiscardthetransformationse-
sultingin a low matchscore. However, it will be seenlater
that this doesnot signi cantly increasethe amountof time
requiredfor nding the MAP estimateof thetransformations.

We wantto assigrthe pairwisepotentialssuchthatneigh-
bouringpatchedy andf; which donotmoverigidly together
are penalized. However, we would be willing to take the
penaltywhen determiningthe MAP estimateif it resultsin
bettermatch scores. Furthermorewe expecttwo patches
separatedby an edgeto be morelikely to move non-rigidly
sincethey might belongto differentsegments.Thus,we de-
ne thepairwisepotentialsby a Pottsmodelsuchthat

1 if rigid motion;
r (f;f;)) otherwise

wherer (fi;f)) is thesumof thegradientsof the neighbour
ing pixelsx 2 fx andy 2 fj, i.e. alongthe boundaryshared
by fx andf,. Weuse = 1.

(sk;s1) = (10)

exp(

To handleocclusion,an additionallabel s, is introduced
for eachsite ng which representshe fragmentfy beingoc-
cludedin framej + 1. The correspondindik elihoodsand
pairwisepotentials (So); (Sk;So); (So;Sk) and (So;So)
aremodelledasconstantdor all k. In our experimentswe
usedthevalues0:1; 0:5; 0:5 and0:8 respectiely.

MAP estimation: TheMAP estimateof thetransformation
for eachfragmentis found by maximizingequation(9). We

useloopy beliefpropagatior{LBP) to nd theposteriomprob-

ability of afragmentf; undegoingtransformatiori ;. LBP

is a messagassingalgorithmsimilar to the one proposed
by Pearl[9] for graphicalmodelswith noloops.We describe
thealgorithmbrie y [15].

Themessag¢hatsiteny senddo its neighboum, atiter-
ationt is givenby

0 1

@ (sk;s1) (sk)

Sk ng2N g nn,

Mi (sk) = M H(8)A & (11)

All messagesareinitialized to 1, i.e. m?,(sx) = 1, for all
k andl. The belief (posterior)of a fragmentf, undegoing
transformation  afterT iterationsis givenby

Y
b(sk) = (s«) My (Sk) :
n; 2N g

(12)

Theterminationcriterionis thatthe rate of changeof all be-
liefs falls below a certainthreshold.Thelabels, thatmaxi-
mizesh(sk) is selectedor eachfragmentthus,providing us
arobustestimateof theimagemotion.

The time compleity of LBP is O(nH 2), wheren is the
numberof sitesin theMmRF andH is thenumberof labelsper
site, which malkesit computationallyinfeasiblefor largeH .
However, sincethepairwisepotentialsof theMRF arede ned
by a Pottsmodelasshowvn in equation(10), the runtime of
LBP canbereducedto O(nH ) usingthe methoddescribed
in [5].

Anotherlimitation of LBP is thatit hasmemaoryrequire-
mentsof O(nH). To overcomethis problem, we use a
variation of the coarseto ne strat@y suggestedn [13].
This allows us to solve O(log(H )=log(h)) problemsof h
labels instead of one problem of H labels, where h
H. Thus,the memoryrequirementsarereducedo O(nh).
The time compleity is reducedfurther from O(nH) to
O(log(H )nh=1log(h)).

The basic idea of the coarseto ne stratgy is to
group together similar labels (differing slightly only in
translation) to obtain h representativelabels . We
now de ne an MRF where eachsite ny hash labels Sk
suchthat (S¢) = max,2 , (sk) and (Sk;S) =
max ,2 . ,2 , (Sk;si). UsingLBP onthis MRF, we ob-
tain the posteriorfor eachrepresentatie transformation\We
choosahebestr representatietransformationgunlike[13],



o
o[l
HQ
/)

(b) segments

= ]

(a) components

Figure 3: Resultof nding rigidly moving componentbetweerthe four
pairs of consecutivéramesof thevideoshownin Fig. 1. Each componenis
shownin a different colour For instance for thetop left image, oneleg of
the personmovesdifferently fromthe restof the bodywhile the badkground
remainsstatic. Thecomponentsire combinedto get an initial estimateof
the shapeof the segments.

which choose®nly the best)with the highestposteriorsfor
eachsite. Thesetransformationsare againdivided into h
representatietransformationsNotethattheseh transforma-
tionsarelesscoarsahantheonesusedpreviously. We repeat
thisprocessntil we obtainthemostlik ely transformatiorfor
eachfragmentfy. In our experimentswe useh = 165and
r = 20. LBP wasfoundto cornvergewithin 20 iterationsat
eachstageof thecoarseo ne stratayy.

Oncethe transformationdor all the patchesof framej
have beendeterminedwe clusterthe pointsmoving rigidly
togetherto obtainrigid components Componentwith size
lessthan 100 pixels are memged with surroundingcompo-
nents. We repeatthis processfor all pairs of consecutie
framesof the video. Thek™ componenof framej is rep-
resentedasa setof pointsC,. Fig. 3 shavstheresultof our
approachon four pairs of consecutie framesfor the video
shavnin Fig. 1. Next, therigid componentsieedto becom-
binedto getaninitial estimateof theshapeparametersf the
segmentsp; .

Combining rigid components: Giventhe setof all rigid

componentsywe wantto determinethe numberof segments
pi presenin the sceneandobtainaninitial estimateof their
shape . To this end,we associatehe componentsrom

one frame to the next using the transformationsobtained
above. This associations consideredransitve, therebyes-
tablishinga correspondencef componentshroughoutthe
videosequence.

Next, we clusterthe componentspasedon appearance,
usingagglomerattre clusteringsuchthat eachclusterrepre-
sentsa seggmentof the scene.The similarity of two compo-
nentsis measuredisingnormalizedcross-correlationSome
componentgontaintwo or moresegmentsge.g.theleg com-
ponentin thetop left imageof Fig. 3 containgwo half limbs
andthe body componentontainsthe head,torsoand other
half limbs. We rely on every sgmentof the scenebeing
detectedas an individual componentn at leastone frame.

Empirically, this assumptioris found to be true for a large
classof scenesndcameramotion. Whenclusteringwe sim-
ply let componentgontainingmorethanonesegmentlie in a
clusterrepresentingneof thesesggments.For examplethe
bodycomponentn thetop left imagein Fig. 3 mightlie in a
clusterrepresentinghe torsowhile theleg componentmight
belongto a clusterrepresentinghe upperhalf limb of that
leg. However, the numberof clusterswould still be equalto
thenumberof sgments.

Oncethe clustershave beenobtained,the smallestcom-
ponentof eachclustergivesthe shape \; of the sggment
pi . This avoidsusinga componentontainingmorethanone
segmentto de ne the shapeof a segment.However, thisim-
pliesthattheinitial estimatewill alwaysbe smallerthanthe
groundtruth andthus,needsto be expandedasdescribedn
x3.2.

We needto accountfor the errorintroducedin thetrans-
formationswhenthe patchesareclusteredo obtainthecom-
ponents.Thus,we measurghesimilarity of eachcomponent
G inframej with all thecomponentsf framel thatlie close
to the componentorrespondingo G, in framel. Theinitial
shapeestimateof the sgments excluding the background,
obtainedin this mannerare shavn in the top row of Fig. 4.
Note thatall the sggmentsof the personvisible in the video
have beenobtainedusingour method.

Initial estimation of parameters: Oncethe mattes i
arefound, we needto determinethe initial estimateof the
remainingparametersf the model. The transformatiorpa-
rameters ), areobtainedusing' « andthecomponentlus-
ters.Theappearancparameter a; (X) is givenby themean
of 1/ (x) overall framesj. The lighting parameterg! and
b! arecalculatedin a leastsquaresnmannerusing i (X)
andl! (x), for all x 2 p;. The motion parametersn! are
givenby . and !.'. Thisinitial estimateof parameters
is thenre ned by optimizing eachparametemwhile keeping
othersunchangedWe startby optimizingthe shapeparame-
ters wm asdescribedn thenext section.

3.2 Rening shape

In this section,we describea methodto re ne the estimate
of the shapeparameters  anddeterminethe layer num-
bersl;. Givenaninitial coarseestimateof the sggmentswe
iteratively improve their shapeusing consisteng of motion
andtextureovertheentirevideosequenceThere nementis
carriedout suchthatit minimizestheenegy (  jD) of the
model.

The distribution of the RGB valuesobtainedby project-
ing the segmentinto all framesis givenby the histogramH ;.
This is requiredto computethe likelihoodtermin equation
(2). The histogramsH; are obtainedusingthe RGB values
I/ (x). Giventhemattes y; andthe appearancearame-
ters i, the enegy of the model can be calculatedusing
equation(2). Obviously, theoptimummattes ,,; arethose
whichminimize (  jD).



We take advantageof efcient algorithmsfor multi-way
graphcutswhich minimize anenengy functionover point la-
bellingsh of theform

AN

X
= Dy (hy) +
X2 X

Vx;y(hx ; hy);
X;y 2N

(13)

underfairly broadconstraintson D andV. Here Dy (hy)
is the cost for assigningthe label hy to point x and
Vx.y (hy; hy) is the costfor assigninglabelshy, andhy to
theneighbouringpointsx andy respectiely.

Speci cally, we make useof two algorithms:  -swap
and -expansion[3]. The -swap algorithmiteratesover
pairsof sggments,p andp . At eachiteration,it re nes
themattesof p andp by swappingthevaluesof y (X)
and y (x) for somepointsx. The -expansionalgo-
rithm iteratesover sgmentsp . At eachiteration,it assigns

m (X) = 1 for somepointsx. Note that -expansion
neverreduceshe numberof pointswith label

In [7] we describedanapproactor re ning theshapepa-
rametersof the LPS model whereall the sggmentsare re-
strictedto lie in onereferenceframe.In thatcasejt wassuf-
cient to re ne onesggmentatatime usingthe -expansion
algorithmalone. Sincein our layeredrepresentatiothis re-
striction no longerholdstrue, this methodwould leadto in-
correctresultsaswrongly labelledpointswould never bere-
labelled. Hence,we extendour earlierapproachusingboth

-expansionand -swapalgorithms.

We de ne thelimit L; of asegmentp; asthesetof points
x which lie within a distanceof 25 from the currentshapeof
pi. Givensegmentp;, let px be a segmentsuchthatthe limit
L; of p; overlapswith py in atleastoneframe] of thevideo.
Sucha sggmentpy is saidto be surroundingthe segmentp; .
The numberof surroundingsggmentspyi is quite small for
objectssuchashumansand animalswhich arerestrictedin
motion. For example the headsegmentof the personshovn
in Fig. 1 only overlapswith thetorsosegmentandthe back-
ground.

We iterateover sggmentsandre ne the shapeof onesegy-
mentp; atatime. At eachiteration,we performan  -swap
for p; andeachof its surroundingsegmentspy . This relabels
all the points which werewrongly labelledas belongingto
pi. We thenperforman -expansionalgorithmto expandp;
to includethosepointsx in its limit which moverigidly with
pi. During theiterationre ning p;, we considerthreepossi-
bilities for p; andits surroundingsegmentpy: I; = Iy, li > I
orli < Ig. If Ij < lx, weassignPr(l ! (x)jx 2 p;) = const
for frames| wherex is occludedby apointin px. We choose
the optionwhich resultsin the minimumvalueof (  jD).
We stopiteratingwhenfurtherreductionof ( jD) is not
possible. This providesus with a re ned estimateof
alongwith thelayernumben; of the segments.

Fig. 4 shovstheresultof re ning theshapegarametersf
thesggmentshy theabove methodusingtheinitial estimates.

Note thateventhoughthetorsois partially occludedby the
arm and the backley is partially occludedby the front leg
in every frame, their completeshapehasbeenlearnt using
overlappingbinary mattes.Next, the appearancparameters
correspondingo there ned shapeparametersreobtained.
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Figure 4: There ned mattesof the layered representatiorof a person
usingmulti-waygraph cuts. Theshapeof the headis re-estimatedfter one
iteration. Thenextiteration re nesthetorsosggment.Subsequenterations
re ne the half imbsoneat a time Notethat the sizeof the mattesis equal
to that of a frameof the videobut smallermattesare shownhere for clarity.

3.3 Updating appearance
Oncethemattes i of the sggmentsare obtained the ap-

pearancef apointx 2 p;,i.e. ai (x) is calculatedasthe
meanof | { (x) overall framesj . There ned shapeandap-
pearancgarameterdielp in obtaininga betterestimatefor
thetransformationgsdescribedn the next section.

3.4. Re ning the transformations
Finally, the transformatiornparameters t andthe lighting

parameters | arere ned by searchingver putative trans-
formationsaroundthe initial estimate,for all segmentsat
eachframej . For eachputative transformationparameters
fal ; b! garecalculatedn aleastsquaresnanner Theparam-
eterswhich resultin the smallestssb arechosen.Whenre-
ning thetransformationwe searchedor putatve transfor
mationsby consideringtranslationsof upto 5 pixels, scales
between0:9 and1:1 androtationsbetween 0:15and0:15
radiansaroundthe initial estimate.In the next section,we
demonstratéhe applicationof the learntmodelfor sggmen-
tation.

4. Results

We now presentresultsfor motion segmentationusing the
learntlayeredrepresentationf the scene The methodis ap-
plied to differenttypesof objectclassegsuchasjeep, hu-
mansandcows), foregroundmotion (puretranslation piece-
wise similarity transforms)and cameramotion (static and
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panning)with statichackgroundsWe usethe sameparame-
tervaluesin all our experiments.

Our assumptiorthat sggmentsare always mappedusing
only simple geometrictransformationds not always true.
Thiswould resultin gapshetweersegmentsn thegenerated
frame. In orderto dealwith this, we relabelpointsaround
the boundaryof segments. This relabellingis performedby
usingthe -expansionalgorithm. The costDy (hy) of as-
signingpointx aroundthe boundaryof p; to p; is theinverse
log likelihoodof its obsenedRGB valuesin thatframegiven
by thehistogramH;. ThecostVy.y (hy; hy) of assigningwo
differentlabelshy andhy to neighbouringpointsx andy is
directly proportionatto B (x; y) for thatframe.

Fig. 5 shavs the segmentationsobtainedby generating
framesusingthe learntrepresentatioivy projectingall seg-
ments other than those belongingto layer 0. Fig. 5(a)
and5(b) shawv the resultof our approachon simple scenar
ioswhereeachlayerof the sceneconsistof segmentswhich
areundegoingpuretranslation.Despitehaving alot of e x-
ibility in the putative transformationgy allowing for various
rotationsandscalestheinitial estimatiorrecoversthecorrect
transformationsi.e. thosecontainingonly translation.Note
thatthe transparentvindshieldof the jeepis (correctly) not
recoveredin the M.A.S.H. sequenc@sthe backgroundayer
canbe seenthroughit. For the sequenceshavn in Fig. 5(b)
the methodprovesrobustto changesn lighting condition.
Not surprisingly it learnsthe correctlayering for the seg-
mentscorrespondingo thetwo people.

Fig. 5(c) and5(d) shav themotionsegmentatiorobtained
for two videos,eachof a personwalking. In both casesthe
body s divided into the correctnumberof segments(head,
torsoandsevenvisible halflimbs). Ourmethodrecoverswell
from occlusionin thesecases For suchvideos,the feetof a
persorareproblematicasthey tendto move non-rigidly with
theleg in someframes. Note thatthe grassin Fig. 5(d) has
similar intensity to the persons trousers. Thus, recovering
the correcttransformatiorof thelegsis dif cult.

Fig. 5(e)and5(f) arethe sgmentation®f acow walking.
Again, the body of the cow is divided into the correctnum-
ber of sgments(head torsoandeighthalf limbs). The cow
in Fig. 5(e) undegoesa slight out of planerotationin some
frames which causesomebits of grassto be pulledinto the
segmentation.The video shavn in Fig. 5(f) is takenfrom a
poor quality analogcamera.However, our algorithmproves
robustenoughto obtainthe correctsggmentation.Note that
whenrelabellingthepointsaroundthe boundaryof sggments
somepartsof the backgroundwhich aresimilar in appear
anceto the cow, getincludedin the segmentation.

Timing: Theinitial estimationtakesapproximatelys min-
utesfor every pair of frames: 3 minutesfor computingthe
likelihoodof thetransformationgnd2 minutesfor MAP es-
timationusingLBP. The shapeparameter®f the segments
arere ned by minimizingtheenegy ( jD) asdescribed

(@)

(b)

(©)

(d)

()
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Figure 5: Motion segmentationresults. In ead case the left image
showghevarioussegmentbtainedin differentcolours. Thetop rowshows
theoriginal videosequencevhile the sgmentatiorresultsare shownin the
bottomrow (a): A 10 framevideo sequenceaken from "M.A.S.H. The
video containsa jeep undegoing translationagainsta static badkground
while the camen pansto track the jeep. (b): A 40 framesequencédaken
from a still camen (courtesyNebojsaJojic [6]). Thescenecontainstwo
peopleundegoing pure translationin front of a staticbadkground. There-
sultsshowthat the layering is learnt correctly (c): A 40 framesequence
taken from a still camen (courtesyHedvig Sidenbladh11]). The scene
consistsof a personwalking againsta static badground. Thecorrectlay-
ering of varioussegmentsof the personis learnt. (d): A 57 framesequence
taken from a panningcameer of a personwalking againsta static badk-
ground (courtesyAnkur Agarwal [1]). Again, the correct layering of the
segmentds learnt. (e): A 44 framesequencef a cowwalkingtakenfroma
panningcamea. All thesgmentsalongwith their layering arelearnt. (f):
A 30framesequencef a cowwalkingagainsta static(homa@eneouspack-
ground(courtesyDerek Magee[8]). Thevideois takenfroma still analay
camenr which introducesa lot of noise



in x 3.2. Thegraphcut algorithmsusedhave, in practice,a
time compleity whichis linearin thenumberof pointsin the
binarymatte ;. It takeslessthanl minuteto re ne the
shapeof eachsegment.Mostof thetime is takenupin calcu-
lating thevarioustermswhich de ne theenegy (  jD) as
shavnin equation(2). Thealgorithmcorvergedafteratmost
2 iterationsthrougheachsegment. All timings providedare
for ac++ implementatioron a 2:4 GHz processar

Ground truth comparison: The sementation perfor
manceof our methodwasassessedsingeightmanuallyseg-
mentedframes(four eachfrom the challengingsequences
shawvn in Fig. 5(c) and 5(f)). Out of 80901 ground truth
foregroundpixelsand603131groundtruth backgroundpix-
elsin theseframes,79198(97.89%)and 595054(98.66%)
werepresentn the generatedramesrespectiely. Most er-
rorsweredueto theassumptiorof piecavise parametriano-
tion anddueto similar foregroundandbackgroundixels.

Sensitvity of parameters: Whendeterminingrigidity of
two transformation®r clusteringfragmentto obtaincompo-
nents,we allow for the translationgo vary by one pixel in
x andy directionsto accountfor errorsintroducedby dis-
cretizationof putative transformations.Fig. 6(a) shawvs the
effectsof notallowing for slightvariationsin thetranslations.
As expected,t oversgmentsthe body of the person.How-
ever, allowing for morevariationdoesnot undersgmentas
differentcomponentsnove quitenon-rigidly for alargeclass
of scenesandcameramotion. Fig. 6(b) and(c) shovstheef-
fectsof setting 1 and ; to zero,therebynot encouraging
spatialcontinuity.

(@) (b) (€)

Figure6: (a) Resultof nding rigidly moving componentdetweerfour
consecutivéramesromthevideoshownin Fig. 1 withoutallowingfor slight
variation in translations(seetext). (b)-(c) The appeaance and shapeof
s@mentdearntwithoutencourging spatial continuity While (b) indicates
thatthemethodworkswell for simplecaseswvhere theforegroundandbadk-
grounddiffer signi cantly (e.g. seeFig. 5(b)), theresultin (c) showshatthe
s@mentatiorstartsto includeparts of the badkgroundif it is hom@eneous
(e.g. seeFig. 5(a)).

5. Summary and Conclusions

The algorithm proposedin this paperachieses extremely
goodmotion sggmentatiorresults. Why is this? We believe
thatthereasonsaretwo fold. Incrementaimprovementsn
theComputenVision eld have now ensuredhat: (i) We can
useanappropriategeneratie modelwhich accountgor mo-
tion, changesn appearancdayeringandspatialcontinuity.
The modelis not too strongso asto undersgment,andnot
too weak so asto oversgment; (i) We have more power-
ful modernalgorithmicmethodssuchasLBpP andgraphcuts
which avoid local minimabetterthanpreviousapproaches.

However, thereis still moreto do. As is standardn meth-
odsusinglayeredrepresentationywe have assumedhat the
visual aspectf the objectsdo not changethroughoutthe
video sequence. At the very leastwe needto extend the
modelto handlethe varying visual aspectobjectspresent
in thesceneg.g.front, backand3=4 views, in additionto the
sideviews. Therestrictionof rigid motionwithin a sggment
canberelaxedusingnon-parametrienotionmodels.
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