Learning Layered Pictorial Structuresfrom Video
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Abstract

e proposea new unsupervisedearning methodto ob-
tain a layeredpictorial structure(L PS) representatiorof an
articulatedobjectfromvideosequencedt will beseerthat
this is relatedin turn to methoddor learning sprite based
representation®f an image. The methodwe describein-
volvesa new genemativemodelfor performingsegmentation
on a setof images. Includedin this modelare the effectsof
motionblur and occlusion. An initial estimateof the pa-
rametes of themodelis obtainedby dividing the scendnto
rigidly moving components.The estimateof the matte of
ead part is re ned using a variation of the -expansion
graph cut algorithm. This methodhas the advantae of
achieving a strong local minimumover labels. Resultsare
demonstatedon animalsfor which an articulatedL ps rep-
resentatioris naturally suited.

1. Intr oduction

In orderto managethe variability in appearancef ob-
jects, there is a broad agreementthat object catgyories
shouldbe representedby a collection of spatially related
partseachwith its own appearanceThis sort of approach
datesbackto thepictorial structures(ps) modelof Fischler
andElschlagerintroducedthreedecadesgo([4]. Pictorial
structuregandtherelatedconstellatiorof partsmodel)have
metwith greatsuccessn objectrecognition [1, 3, 9, 11],
andsothequestiomaturallyariseshow mightwelearnthis
representatioautomatically?

Weberetal. [11] andFegusetal. [3] bothconsiderthe
problemof learningps in uns@gmentedmagese.g.givena
large numberof imagesthat containhorses put not a seg-
mentation the taskis to learna representatiomf a horse.
The algorithmsthey proposerequire very large amounts
of training dataandare extremelyslow which promptsthe
guestionmight not video input databe betterusedfor the
taskof learningrepresentationsiPor example,Fig. 1 shavs
someframesof onesuchvideowhich canbe usedto learn
therepresentationf a zebra.

Ramanaretal. [9] presenamethodfor learningpictorial
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Figure 1. Fourintermediatedramesof a 25 framevideosequence
of a zeba running as the camenr pansto follow it. Giventhe se-
guence the geneative modelwhich bestdescribeshe zeba and
thebadgroundis learntin an unsupervisednanner

structuregrom avideosequencéy clusteringsegmentob-
tainedby searchindor parallellines. However, their model
doesnot describethe objectcompletely Furthermorethe
relative depthof the variouspartsof the modelarealsonot
determined.We proposea generatie approacho estimat-
ing pictorial structuredrom video taking inspirationfrom
therelatedspritebasedapproaches.

Jojic andFrey [5] provide a generatie Bayesiarframe-
work in which eachimageis explainedasalayeredcompo-
sition of spritesmoving underpuretranslation A spriteis a
2D appearancenapandmatte(mask)of anobject,learned
usingavariationalalgorithm.Eachspriteis assignedo one
of L depthlayerswhich determinethe occlusionordering
whencomposingthe image. William andTitsias[12] use
a greedysequentiabpproachwherebythe modelfor each
spriteis extractedin turn. However, usinga greedymethod
restrictsthemfrom obtainingmodelswhich are optimized
over all sprites. Both thesemethodsdo not considerthe
spatial continuity in labelling, which meansthe methods
are unlikely to work unlessthe imagesequencesre very
long andhighly textured. Moreover, they dothey take self-
occlusionor changesn appearancdueto lighting into ac-
count.

We presenta new modelwhich addresseghe de cien-
ciesin [5, 12], the layered pictorial structue, LPS, which
generalizesindimprovesboththelayeredspritemodelsand
PS. Unlike previous models,eachpartis alsoassigneda
layer numberwhich representsts relative depth. In con-



trastto the greedymethoddescribedn [12], all partsare
learntsimultaneously

We presenta methodto estimatethe parameter®f the
modelin an unsuperviseananner Using rough estimates
of motionobtainedoy amotionsegmentatioralgorithm[7],
the shapeparametersf the model,representedsa binary
matte, are learntby minimizing an objectve function us-
ing the -expansionalgorithmto performmulti-way graph
cuts. The partsobtainedby this methoddescribethe object
completely Unlike the greedymethodproposedin [12],

-expansionmethodoptimizesover all partsand guaran-

teesthat a stronglocal minimum (i.e. boundedby a con-
stantfactor of the global minimum) is found. Sinceour
methodworks by re ning partsinsteadof dealingwith in-
dividual pixels in the scene,we can explicitly model the
changen appearancef partsarisingfrom lighting condi-
tionsandmotionblur.

In the next sectionwe describethe Lps modelin detail.
In section3, we presenta four stagealgorithmto estimate
theshapeappearancdayernumberandtransformatiorpa-
rameterdor all partsof theLps. ThelearntLPs modelcan
be usedfor several applicationssuchasrecognition,pose
estimatiorandpoint-and-clickobjectremoval. In sectiord,
we demonstrat¢he applicationof the modelfor sgmenta-
tion.
2. Layered pictorial structures

This sectiondescribeghe Lps modelandits terminol-
ogy. Ps arecompositionsof parts, which are 2D patterns

with a probabilisticmodelfor their shapeandappearance.

In theLPs model,in additionto shapeandappearancesach
partis alsoassigned layernumber

LPSis ageneratie model,i.e. any instanceof the object
andbackgroundcanbe generatedrom it by assigningap-
propriatevaluesto its parameterasshovnin Fig. 2. It also
providesthelik elihoodof thatinstance.

A modelreferencdramedescribesheshapeandappear
anceof the parts(top imagein Fig. 2). The shapeof a part
pi is representedly abinarymatte |, , suchthat

0 (x) 1 if x2p;
0; otherwise : Q)

The appearance iA(x) is the RGB valueof pointx in the
modelreferencdrame. Instance®f the object(e.g.frames
of avideo)alongwith theirlik elihoodsaregeneratedby ap-
plying atransformatiorto eachpart. Thetransformations
% generatéramej by mappingeachpointx 2 p; of
the modelreferencérameontopointx®= %, (x) in the
frameasshowvnin Fig. 2. Eachtransformations de ned by
atranslatiorf x; yg, rotation andscaless, andsy in x and
y directionrespectiely.
Partsare compositedn descendingrderof their layer
numbergo handleself-occlusion.The layernumberl; de-
terminesthe relative depthof a part with respectto other

D Data(RGB valuesof all pixelsin every frameof avideo).
ne Numberof frames.
np Numberof partsp; includingthebackground.
li Layernumberof partp; .
v | Mattefor partp;.
c(x) | rReBvalue[r(x) g(x) b(x)] for pointx.
fA Appearancearametefor p; i.e.c(x) 8 x 2p;.
p | Parameter$li; | ; agofpartp.
fTi Transformatiorf x; y;sx;sy; g of partp; in framej.
% | Lighting andmotionparameter$al ; b!;m!g
of partp; in framej .
Modelparameterénpg; p; 71; bO.

Table 1. Parametes of theLPS

h |
(b) ()

Figure 3. Anarticulatedobjectis dividedinto multiple layers in
theLpPs model.Several partscanbelongto thesamdayer Parts of
themodelfor a zeba belongingto layer 2 andlayer 1 are shownin
(a) and (b) respectivelyMattesof variousparts are shownin (c).
Thelinesindicatetherelativepositionandorientationof parts.

parts. Several partscan have the samelayer number(see
Fig. 3). Thepartp; canpartially or completelyoccludepart
pj if andonlyif I; > I;.

Theeffectsof lighting conditionsandmotionblur onap-
pearancere explicitly modelledusing parameter 1, =
fal;b!;mlg. Thechangein appearancef the partp; in
framej dueto lighting conditionsis accountedor by an
afne transformof the RGB values:

c(x% = diag (a}) c(x) + b}: 2)

The parametem! is the time varying componentof the
motionwhich depend®n the locationof partp; in thepre-
viousframe. Unlike previous approacheshis allows usto
take into accountthe changein appearanceueto motion
blur as Z

c(x)=  c(x® ml)d 3)
0

where T is the total exposuretime when capturing the
frame. The notationusedto develop the modelis summa-
rizedin tablel.

Model energy. GivendataD, which consistsof the RGB

valuesof all pixelsin every frameof avideo, let | { (x) be
the obsered RGB valuesof pointx® =, (x) in frame
j . Thelikelihood of the model hastwo components:(i)

appearanceand (i) boundary The appearanceomponent
is ameasuref the consisteng of the obsernedRGB values
I} (x) with the generatedkGB valuesc(x?) overthe entire
videosequenceTheboundarycomponengivespreference
to anedgebeingpresentetweerntwo neighbouringpoints
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Figure 2. Thetop row showsthe modelrefeenceframeof the LPs modelfor a zeba. Anyframej canbe geneated usingthe LPS modelby
assigningappopriate valuesto the parametes. Whengenenting the framek, the motionparametes m Ik are obtainedusingthe transformatiorof

thepartsp; in framek

x andy which belongto differentparts.Thisis particularly
true if onepoint belongsto the backgroundandthe other
belongsto somepartof the object. Thus,we cande ne the
enegy of themodelas:

B(x;y) (4

Xe X
(D)= A(X;pi) +

i=1 x2pj y

wherex andy aretwo neighbouringpointswhich belongto
differentparts.

Appearance. For a givenframek, the appearanceom-
ponentfor apointx 2 p;, i.e.

Ak(x;p) = log(Pr(1{(x)ix 2 p)) (5)

is theinversdog-likelihoodof theobseneddatabeinggen-
eratedby the parametersf p;. It is assumeaachparthas
a distinctive appearancesuchthat the intensitiesconform
to somegivendistribution, which modelstheappearancef
the texture of that part. For this paperwe assumehatthe
setof RGB valuesof the pixelsfor a givenpartp; overall
framesfollows a GaussiaMixture Model (GMM) M ;.

If a pointx belongsto part p;j, the errorin generating
that point using the parameterdor p; is small. Thusthe
likelihoodof x is

Pr(lF(x)ix 2 p) I M (1K) exp( (c(x9 1K(x)2);
(6)
wherec(x) is the RGB valuegeneratedor pointx 2 p; in
framek usingthe modelreferencdrameasshavnin equa-
tion (3). In homogeneougregions,motionvectorsyield lit-
tle discriminationbetweenforegroundandbackground.in
suchcase the texture modelgiven by the cmMs provides
betterdiscrimination.For example,motionmay not be de-
terminedlocally for auniformly brown horse.However, its
appearanc€ brown') distinguishest from the background
(‘greengrass'). Therefore,it is necessaryo estimatethe
likelihood of the RGB valuesl ¥ (x) given by the MM of

partp; .

1. Thebadgroundpart for the geneatedframesis not shown.

For a video, the appearanceomponentfor x 2 p; is
givenby summingover all frames:

XF
A(X;pi) = Ak (X;pi): (7)
k=1

Theappearanceomponenfor the partis obtainedby sum-
mingoverx 2 p; asshovnin equation(4).
Boundary. Theboundarycomponents givenby

g (x;y) 1
22 dist (x;y)’

B(x;y) = exp (8)

wherex 2 p; andy 62p; aretwo neighbouringpointswhich
belongto differentparts.The neighbourhooaf a pointx is
de ned asits 8-neighbourhoodThe total costis obtained
by summingalong the boundaryof all partsas shavn in
equation(4). For a givenframek, gi(x;y) measureshe
differencein the RGB valuesof pointsl X(x) andl ¥(y) and
dist (x;y) givesmoreweightageto the 4-neighbourhood

of x. For avideo,we de ne gi(x;y) asthe averagediffer-
encein the RGB values| ¥(x) andl X(y) overall framesk,

i.e. 1 XF . '
GOGy) = — ) Wi Q)
F
k=1
Theterm in equation(4) speci esthe relative weight of

the boundarypartto the appearancgartin the likelihood
of the model. Using a high valuefor resultsin discon-
tinuouspartsfor textured animalssuchas zebrasasit en-
courage®dgedetweerpointsbelongingto differentparts.
A lower valuefor  would resultin backgroundbeingin-
cludedin the partsbelongingto the object. The valueof
in equation(8) determineshow theenegy ( D) is penal-
izedsincethe penaltyis highwhengi (x;y) < andsmall
wheng (x;y) >

In the next sectionwe describea four stageapproacho
calculatethe parameters of the LPs modelof anobject,
givendataD, by minimizingtheenegy ( D). Themethod
describeds applicableto ary articulatedobject category.
We demonstrat¢he methodfor animals.



3. Learning layered pictorial structures

Giventhevideoof ananimalin motion, our objective is
to estimatethe parameters of the modelfor the animal
and the background. We obtain theseparametersn four
stages.In the rst stageaninitial estimateof the parame-
tersis found. In theremainingstageswe alternatebetween
holding someparametergonstantand optimizing the rest
asillustratedin table2. Following this methodguarantees

nding astronglocal minimum.

1. Aninitial estimateof the parameters is obtainedby divid-
ing the scendnto rigidly moving componentgx 3.1).

2. Theparameters 1, a and p arekeptconstanand
is optimized using the -expansionalgorithm. The layer
numberd; arealsoobtained(x 3.2).

3. Usingthere ned valuesof  , thenew appearancparam-
eters A areobtained(x 3.3).

4. Finally, theparameters t and p arere-estimatedkeep-
ing m and A unchangedx 3.4).

Table2: Estimatingthe parametes of the LPs model

3.1 Initial estimation of parameters

We obtain an initial estimateof parameters =
fnp; p; T; bp0(excludingthelayernumberd;) using
themethoddescribedn [7]. Brie y, this approactconsists
of choosingoneframe(e.g.the rst) asareferenceérame.
The referenceframe is divided into uniform rectangular
fragmentsvhicharetrackedthroughouthevideosequence.
Trackingfor a frameis performedby de ning a Markov
random eld (MRF) suchthat the sitesof the MRF corre-
spondto the fragmentsn thereferencdrame. The neigh-
bourhoodof a fragmentis de ned asits 4-neighbourhood
Eachputative transformationof a fragmentis represented
by alabel on the correspondingnodeof the MRF. Its like-
lihood is proportionalto the cross-correlatiorof the frag-
ment, after undegoingthe transformationwith the frame.
Pairwisepotentialsarede ned suchthatneighbouringrag-
mentswhich do not move rigidly are penalized. MAP es-
timation over all fragmentsis obtainedusingloopy belief
propagationf8]. Fig.4 shavsthereferencdrameandtrack-
ing resultsfor theframesshowvn in Fig. 1.

Theinitial estimateof the partsof the modelis obtained
by clusteringrigidly moving points. Fig. 5 (top) shavs the
initial mattes  of the partsobtained. The RGB values
of the correspondingointsin the referencdrame provide
the appearanc@arameter 5 andthe motion parameters
estimatedabove providetheinitial estimateof 1 andm{.
Thelighting parameters! andb! arethencomputedn a
leastsquaresnanner

Theinitial estimatds thenre ned by optimizingonepa-
rameterat atime while keepingothersunchangedwe start
by optimizingtheshapeparameters \, asdescribedn the
next section.

Figure 4. Refeenceframe (left) and reconstructedramescor-
respondingo thosein Fig. 1. Ead fragmentfrom the refeence
frameis mappedisingthemostikely transformatiorobtained.The
pixelswhee no points from the refeenceframeare mappedare
colouredin blue Notethat despitethe errors dueto discretization
of therefeenceframeinto fragmentsthe methodprovidesroughly
correctmotionparametes.

3.2 Re ning shape

In this section,we describea methodto re ne the esti-
mateof the shapeparameters \ anddeterminethe layer
numberd;. Givenaninitial coarsesstimateof the parts,we
iteratively improve their shapeusingconsisteng of motion
andtexture over the entirevideo sequenceThere nement
is carriedoutsuchthatit minimizestheenegy ( D) of the
model.

The distribution of the RGB valuesobtainedby project-
ing the partinto all framesis givenby thegmm M ;. This
is requiredto computethe appearanceomponentn equa-
tion (4). The parameteref M ; areobtainedusingthe Em
algorithm. Giventhe mattes |, , with the corresponding
pointsin the referenceframe de ning the appearancea-
rameters !, the enegy of the model can be calculated
usingequation(4). Obviously, theoptimummattes }, are
thosewhichminimize ( D).

We take advantageof the efcient -expansionalgo-
rithm [6] for solving MRFs which is basedon graphcuts.
Speci cally, it is possibleto ef ciently minimizeanenegy
functionover pointlabellingsh of theform

X
N = Dy (hy) +
x2X X;y 2N

Viy (hx;hy);  (10)

underfairly broadconstraintson D andV. HereDy (hy)
is the cost for assigningthe label hy to point x and
Vx.y (hx; hy) is the costfor assigningabelshy andhy to
the neighbouringoointsx andy respectely.

In our case eachlabelh; assignsa pointx in the model
referenceframeto part pj. Comparingthe model enegy
( D) in equation(4) with theenegy function ™ we get

Dx(hi) = A(X;pi); (11)

and
Vx;y (hi;hj) = B(X;y); (12)

whereh; & h;. For the sale of completenessye de ne
graphcutsandthe -expansiomalgorithmbelow.



A cut on a graphpartitionsits verticesinto two disjoint
sets.Thecostof acutis de ned asthesumof theweightsof
the edgeshetweenverticesbelongingto differentsets.The
problemof minimizing ™ for two labelscanbe formulated
asthe problemof nding the cut with the minimum cost,
which in turn canbe ef ciently solved by computingthe
maximum o w of thegraph[2].

Unfortunatelyminimizing * for morethantwo labelsis
an NP-hard problem[6]. However, an iterative algorithm
called -expansioncanbeusedto nd astronglocal mini-
mumwhich lies within a constanfactorof the global min-
imum. This constantfactoris at least2, and dependson
V [2]. Wede ne thelimit L; of apartp; asthesetof points
x which lie within a distanceof 25 from the boundingbox
of thecurrentshapeof p; . Eachiterationof the -expansion
algorithmre nes apartp; by solvingtheproblemof assign-
ing two labelsh; and: h; to pointsx 2 L;, where: h; is
theunionof all labelsexcludingh;. In otherwords,ateach
iterationwe do not allow a partto expandbeyondits limit
Li. For example,during an iteration wherethe headpart
is beingre ned, eachpoint x caneitherretainits label,i.e.
remaina point on thetorsoor leg parts,or getassignedhe
labelcorrespondingo the headpart.

Givenpartp;, letp; beapartsuchthatthelimit L; of p;
overlapswith p; in atleastoneframek of thevideo. The
numberof suchpartsp; is quite smallfor objectssuchas
animalswhich arerestrictedin motion. For example,the
headpart of the zebrashown in Fig. 1 only overlapswith
thetorsopart. During theiterationre ning p;, we consider
threepossibilitiesfor p; andp; - I; = Ij,1; > I orly < I; . If
li < Ij, weassignPr(l K(x)jx 2 pi) = const for framesk
wherex is occludedby a pointin p; . We choosethe option
which resultsin the minimum valueof . After iterating
througheachpartonce the parametersf thecmm M ; are
updated.We stopiteratingwhenfurther reductionof  is
not possible. This providesus with a re ned estimateof

m alongwith thelayernumben; of theparts.

Fig. 5 shavs theresultof re ning the shapeparameters
of the partsby theabove methodusingtheinitial estimates.
Next, the appearanc@arametersorrespondingo the re-
ned shapeparameterareobtained.

3.3 Re ning appearance

Oncethemattes }, of thepartsareobtainedthecorre-
spondingpixelsin thereferencdrameprovide the nal es-
timateof the appearancparameter !, . There ned shape
andappearanc@arameter$elp in obtaininga betteresti-
matefor the transformationss describedn the next sec-
tion.

3.4. Re ning transformations

Finally, thetransformatiorparameters 1 andthelight-
ing andmotion blur parameters p arere ned by search-
ing over transformation$ x; y; sx; Sy; g aroundtheinitial
estimate for all partsat eachframej. For eachputatve

#iterations

0

10
11
12

13

20

Figure 5. There ned mattesof theLPs partsfor a zebe obtained
usingmulti-waygraphcuts. The gur e also showstwo of the gen-

eratedframes.Theshapeof theheadis re-estimatedfter oneiter-
ation. Thenext two iterationsre ne the torso parts which expand
out while the half-limbsremainuncanged. All parts (including
badground)are re ned onceafter 10 iterations. At this point, the
parametes of theGMM, M , arere-estimatedThe nal estimates
of the headand the two body parts are obtainedafter 11, 12 and
13iterationsrespectivelyThe nal matteof thepartsafter20iter-
ationsfollowed by meiging smallerregionswith their neighbous
is shownin thelastrow. Notethatevenwith a badinitial estimate
the -expansionmethodresultsin a goodlocal minimum.
transformationparametergal ; b! garecalculatedn aleast
squaregnannerand the motion parametersx:n]i arefound

usingthecurrentiransformatiorand ', *. Theparameters
whichresultin thesmallestssb arechosenln thenext sec-
tion, we demonstrat¢éhe applicationof thelearntmodelfor
segmentation.

4. Results,Segmentation

We presentan applicationof the learnt LPs model for
segmentation.The partsalongwith their layernumberand
their transformationgor eachframe,areobtainedby mini-
mizing theenegy ( D). In ourexperiments, and are
assignedhevaluesl and>5 respectiely.

In practicethe -expansioralgorithmdescribedn x 3.2
corvergedafter 2 expansionmovesfor eachpart, resulting
in atotal of 20expansiommoves,for all thevideosequences
we used.Whenre ning parameter 1 asdescribedn sec-
tion 3.4, we searchedor putatie transformationdy con-
sideringtranslationsof upto 5 pixels, scalesbetween0:8
and1:2 androtationsbetween 0:3 and0:3 radiansaround
theinitial estimate.



To obtain sggmentationof the video, the parameters
are usedto generatethe framesasdescribedn section2.
Our assumptionthat parts are always mappedonto the
frame being generatedising only simple geometrictrans-
formationsf x; y; sx; Sy; g is notalwaystrue. This would
resultin gapsbetweenpartsin the generatedrame. In
orderto dealwith this, we allow for slight parallax dis-
tortion [10] for eachpart by relabellingpoints aroundthe
boundaryof parts. This relabellingis performedby using
the -expansionalgorithm. The costD (h;) of assigning
point x aroundthe boundaryof p; to p; is the inverselog
likelihood of its obsened RGB valuesin that frame given
by the MM M ;. The costVy;y (h;; hj) of assigningtwo
differentlabelsh; andh; to neighbouringpointsx andy is
directly proportionatfto B(x; y) for thatframe.

Fig. 6 and 7 shav the resultsof segmentationon zebra
andrhinocerosiideoswhichhave 25framesand100frames
respectiely. Thethird row in each gure shaws thediffer-
encebetweerthe actualframeandthe onegeneratedising
theLPs model.Mostof theerrorin thezebravideois dueto
themisalignmenbf texturein theheadandbodyparts.The
performancef our methodwasmeasuredisingtwo manu-
ally sggmentedntermediatdramescorrespondingdo those
shavnin Fig. 5. Outof 27268groundtruth foregroundpix-
elsin thesdrames 26224(96.17%)werepresentn thegen-
eratedrames.Theerrorsin therhinocerossideoaremainly
dueto thelegsbeingpartially occludedby grass Resultsn-
dicatethatexcellentseggmentatioris obtainedusingthe Lps
model.

Figure 6. S@mentatiorresultsl (Zeba sequence)The r strow

shows ve framesof the original videosequenceThesecondow

showsthe resultof sgmentingthe zeba from the corresponding
frames. Each of thesesggmentedramesis generated by the pa-

rametes  of thelearntLPs asdescribedn x 2. Thedifferencein

RGB valuesof the correspondingpixelsis shownin the third row

Notethat mostof the errors are dueto misalignmenbf texture in

the headand body parts dueto muscularexpansionand contrac-

tion. Smallparts moving non-rigidly, suc asears and mane also
resultin someerror.

5. Summary and Conclusions

We have proposeda new model,LPs, which overcomes

mary de cienciesin previousmodelssuchashandlingself-
occlusionand changesn appearancelue to lighting and
motionblur. We alsodescribea methodto learnthe param-
etersof the LPs modelfor anobjectfrom avideoin anun-
supervisednannerusing multi-way graphcuts. The learnt

Figure 7. Sgmentatiorresultsll (Rhinosequence)Mostof the
errorsare dueto a part beingpartially occludedythebadground.

modelgivesexcellentresultsfor segmentatiorof anobject.
The modelcanalsobe usedfor otherapplicationssuchas
poseestimatiorandobjectrecognition.

The methodneedgo be extendedto includevariousvi-
sualaspectf an object,i.e. in additionto side views, it
mustalso handlefrontal, backand 3=4 views. The model
shouldalso be improvedto include partsof the scenenot
presenin thereferencdrame.
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