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Abstract

We proposea new unsupervisedlearningmethodto ob-
tain a layeredpictorial structure(LPS) representationof an
articulatedobjectfromvideosequences.It will beseenthat
this is relatedin turn to methodsfor learning spritebased
representationsof an image. Themethodwe describein-
volvesa new generativemodelfor performingsegmentation
ona setof images.Includedin this modelare theeffectsof
motionblur and occlusion. An initial estimateof the pa-
rametersof themodelis obtainedbydividingthesceneinto
rigidly moving components.The estimateof the matteof
each part is re�ned using a variation of the � -expansion
graph cut algorithm. This methodhas the advantage of
achieving a strong local minimumover labels. Resultsare
demonstratedonanimalsfor which anarticulatedLPS rep-
resentationis naturally suited.

1. Intr oduction
In order to managethe variability in appearanceof ob-

jects, there is a broad agreementthat object categories
shouldbe representedby a collection of spatially related
partseachwith its own appearance.This sort of approach
datesbackto thepictorial structures(PS) modelof Fischler
andElschlager, introducedthreedecadesago[4]. Pictorial
structures(andtherelatedconstellationof partsmodel)have
metwith greatsuccessin objectrecognition [1, 3, 9, 11],
andsothequestionnaturallyarises,how mightwelearnthis
representationautomatically?

Weberet al. [11] andFerguset al. [3] bothconsiderthe
problemof learningPS in unsegmentedimagese.g.givena
largenumberof imagesthat containhorses,but not a seg-
mentation,the task is to learna representationof a horse.
The algorithmsthey proposerequire very large amounts
of trainingdataandareextremelyslow which promptsthe
questionmight not video input databe betterusedfor the
taskof learningrepresentations?For example,Fig. 1 shows
someframesof onesuchvideowhich canbeusedto learn
therepresentationof azebra.

Ramananetal. [9] presentamethodfor learningpictorial

Figure 1. Four intermediateframesof a 25 framevideosequence

of a zebra runningas thecamera pansto follow it. Giventhese-

quence, the generative modelwhich bestdescribesthe zebra and

thebackgroundis learnt in anunsupervisedmanner.

structuresfromavideosequencebyclusteringsegmentsob-
tainedby searchingfor parallellines.However, theirmodel
doesnot describethe objectcompletely. Furthermore,the
relative depthof thevariouspartsof themodelarealsonot
determined.We proposea generative approachto estimat-
ing pictorial structuresfrom video taking inspirationfrom
therelatedspritebasedapproaches.

Jojic andFrey [5] providea generativeBayesianframe-
work in whicheachimageis explainedasa layeredcompo-
sitionof spritesmoving underpuretranslation.A spriteis a
2D appearancemapandmatte(mask)of anobject,learned
usingavariationalalgorithm.Eachspriteis assignedto one
of L depthlayerswhich determinethe occlusionordering
whencomposingthe image. William andTitsias [12] use
a greedysequentialapproachwherebythe model for each
spriteis extractedin turn. However, usinga greedymethod
restrictsthemfrom obtainingmodelswhich areoptimized
over all sprites. Both thesemethodsdo not considerthe
spatial continuity in labelling, which meansthe methods
areunlikely to work unlessthe imagesequencesarevery
long andhighly textured.Moreover, they do they take self-
occlusionor changesin appearancedueto lighting into ac-
count.

We presenta new modelwhich addressesthe de�cien-
ciesin [5, 12], the layered pictorial structure, LPS, which
generalizesandimprovesboththelayeredspritemodelsand
PS. Unlike previous models,eachpart is also assigneda
layer numberwhich representsits relative depth. In con-



trast to the greedymethoddescribedin [12], all partsare
learntsimultaneously.

We presenta methodto estimatethe parametersof the
model in an unsupervisedmanner. Using roughestimates
of motionobtainedby amotionsegmentationalgorithm[7],
theshapeparametersof themodel,representedasa binary
matte,are learnt by minimizing an objective function us-
ing the� -expansionalgorithmto performmulti-way graph
cuts.Thepartsobtainedby this methoddescribetheobject
completely. Unlike the greedymethodproposedin [12],
� -expansionmethodoptimizesover all partsand guaran-
teesthat a stronglocal minimum (i.e. boundedby a con-
stant factor of the global minimum) is found. Sinceour
methodworksby re�ning partsinsteadof dealingwith in-
dividual pixels in the scene,we can explicitly model the
changein appearanceof partsarisingfrom lighting condi-
tionsandmotionblur.

In thenext section,we describethe LPS modelin detail.
In section3, we presenta four stagealgorithmto estimate
theshape,appearance,layernumberandtransformationpa-
rametersfor all partsof the LPS. ThelearntLPS modelcan
be usedfor several applicationssuchas recognition,pose
estimationandpoint-and-clickobjectremoval. In section4,
we demonstratetheapplicationof themodelfor segmenta-
tion.
2. Layered pictorial structures

This sectiondescribesthe LPS modeland its terminol-
ogy. PS arecompositionsof parts, which are2D patterns
with a probabilisticmodelfor their shapeandappearance.
In theLPS model,in additionto shapeandappearance,each
partis alsoassigneda layernumber.

LPS is a generativemodel,i.e. any instanceof theobject
andbackgroundcanbe generatedfrom it by assigningap-
propriatevaluesto its parametersasshown in Fig. 2. It also
providesthelikelihoodof thatinstance.

A modelreferenceframedescribestheshapeandappear-
anceof theparts(top imagein Fig. 2). Theshapeof a part
pi is representedby a binarymatte� i

M , suchthat

� i
M (x) = 1; if x 2 pi ;

= 0; otherwise : (1)

Theappearance� i
A (x) is the RGB valueof point x in the

modelreferenceframe.Instancesof theobject(e.g.frames
of avideo)alongwith their likelihoodsaregeneratedby ap-
plying a transformationto eachpart. Thetransformations
� j

T i generateframe j by mappingeachpoint x 2 pi of
themodelreferenceframeontopoint x 0 = � j

T i (x) in the
frameasshown in Fig. 2. Eachtransformationis de�nedby
atranslationf x; yg, rotation� andscalessx andsy in x and
y directionrespectively.

Partsarecompositedin descendingorderof their layer
numbersto handleself-occlusion.The layernumberl i de-
terminesthe relative depthof a part with respectto other

D Data(RGB valuesof all pixelsin every frameof a video).
nF Numberof frames.
nP Numberof partspi includingthebackground.
l i Layernumberof partpi .

� i
M Mattefor partpi .

c(x ) RGB value[r(x) g(x) b(x)] for point x.
� i

A Appearanceparameterfor pi i.e. c(x ) 8 x 2pi .
� i

P Parametersf l i ; � i
M ; � i

A g of partpi .
� j

T i Transformationf x; y; sx ; sy ; � g of partpi in framej .
� j

D i Lighting andmotionparametersf aj
i ; b j

i ; m j
i g

of partpi in framej .
� Modelparametersf nP ; � P ; � T ; � D g.

Table 1. Parameters of theLPS

(a) (b) (c)

Figure 3. An articulatedobjectis dividedinto multiple layers in

theLPS model.Several partscanbelongto thesamelayer. Partsof

themodelfor a zebra belongingto layer2 andlayer1 areshownin

(a) and(b) respectively. Mattesof variouspartsare shownin (c).

Thelinesindicatetherelativepositionandorientationof parts.

parts. Several partscanhave the samelayer number(see
Fig. 3). Thepartpi canpartiallyor completelyoccludepart
pj if andonly if l i > l j .

Theeffectsof lighting conditionsandmotionblur onap-
pearanceareexplicitly modelledusingparameter� j

D i =
f aj

i ; b j
i ; m j

i g. The changein appearanceof the part pi in
frame j due to lighting conditionsis accountedfor by an
af�ne transformof theRGB values:

c(x0) = diag (aj
i ) � c(x) + b j

i : (2)

The parameterm j
i is the time varying componentof the

motionwhichdependson thelocationof partpi in thepre-
viousframe. Unlike previousapproaches,this allows usto
take into accountthe changein appearancedueto motion
blur as

c(x0) =
Z T

0
c(x0 � m j

i (t))dt; (3)

where T is the total exposuretime when capturing the
frame. The notationusedto develop themodelis summa-
rizedin table1.

Model energy. GivendataD, which consistsof the RGB

valuesof all pixels in every frameof a video, let I j
i (x) be

the observed RGB valuesof point x 0 = � j
T i (x) in frame

j . The likelihood of the model hastwo components:(i)
appearanceand(ii) boundary. The appearancecomponent
is a measureof theconsistency of theobservedRGB values
I j

i (x) with thegeneratedRGB valuesc(x 0) over theentire
videosequence.Theboundarycomponentgivespreference
to anedgebeingpresentbetweentwo neighbouringpoints



Figure 2. The top row showsthe modelreferenceframeof the LPS modelfor a zebra. Any framej can be generated using the LPS modelby

assigningappropriatevaluesto theparameters. Whengenerating theframek, themotionparameters m k
i areobtainedusingthetransformationof

thepartspi in framek � 1. Thebackgroundpart for thegeneratedframesis not shown.

x andy whichbelongto differentparts.This is particularly
true if onepoint belongsto the backgroundandthe other
belongsto somepartof theobject.Thus,we cande�ne the
energy of themodelas:

	( D ) =
n PX

i =1

X

x 2 pi

 

A (x; pi ) + �
X

y

B(x; y)

!

; (4)

wherex andy aretwo neighbouringpointswhichbelongto
differentparts.

Appearance. For a given framek, the appearancecom-
ponentfor apoint x 2 pi , i.e.

A k (x; pi ) = � log(Pr( I k
i (x)jx 2 pi )) (5)

is theinverselog-likelihoodof theobserveddatabeinggen-
eratedby theparametersof pi . It is assumedeachparthas
a distinctive appearance,suchthat the intensitiesconform
to somegivendistribution,whichmodelstheappearanceof
the textureof that part. For this paperwe assumethat the
setof RGB valuesof the pixels for a givenpart pi over all
framesfollowsa GaussianMixture Model (GMM) M i .

If a point x belongsto part pi , the error in generating
that point using the parametersfor pi is small. Thus the
likelihoodof x is

Pr(I k
i (x)jx 2 pi ) / M i (I k

i (x)) exp(� (c(x0) � I k
i (x))2);

(6)
wherec(x0) is theRGB valuegeneratedfor point x 2 pi in
framek usingthemodelreferenceframeasshown in equa-
tion (3). In homogeneousregions,motionvectorsyield lit-
tle discriminationbetweenforegroundandbackground.In
suchcase,the texture modelgiven by the GMMs provides
betterdiscrimination.For example,motionmaynot bede-
terminedlocally for a uniformly brown horse.However, its
appearance(`brown') distinguishesit from thebackground
(`greengrass'). Therefore,it is necessaryto estimatethe
likelihoodof the RGB valuesI k

i (x) given by the GMM of
partpi .

For a video, the appearancecomponentfor x 2 pi is
givenby summingoverall frames:

A(x; pi ) =
n FX

k=1

A k (x; pi ): (7)

Theappearancecomponentfor thepartis obtainedby sum-
mingoverx 2 pi asshown in equation(4).

Boundary. Theboundarycomponentis givenby

B(x; y) = exp
�

� g2
i (x; y )
2� 2

�
�

1
dist (x; y )

; (8)

wherex 2 pi andy 62pi aretwo neighbouringpointswhich
belongto differentparts.Theneighbourhoodof apointx is
de�ned asits 8-neighbourhood.The total costis obtained
by summingalong the boundaryof all partsas shown in
equation(4). For a given frame k, gi (x; y ) measuresthe
differencein theRGB valuesof pointsI k

i (x) andI k
i (y ) and

dist (x; y ) givesmoreweightageto the 4-neighbourhood
of x. For a video,we de�ne gi (x; y ) astheaveragediffer-
encein theRGB valuesI k

i (x) andI k
i (y ) overall framesk,

i.e.
gi (x; y ) =

1
nF

n FX

k=1

jI k
i (x) � I k

i (y )j: (9)

The term � in equation(4) speci�es the relative weight of
the boundarypart to the appearancepart in the likelihood
of the model. Using a high valuefor � resultsin discon-
tinuouspartsfor texturedanimalssuchaszebrasas it en-
couragesedgesbetweenpointsbelongingto differentparts.
A lower valuefor � would result in backgroundbeingin-
cludedin thepartsbelongingto theobject. Thevalueof �
in equation(8) determineshow theenergy 	( D ) is penal-
izedsincethepenaltyis high whengi (x; y ) < � andsmall
whengi (x; y ) > � .

In thenext section,we describea four stageapproachto
calculatetheparameters� of the LPS modelof an object,
givendataD, by minimizingtheenergy 	( D ). Themethod
describedis applicableto any articulatedobject category.
We demonstratethemethodfor animals.



3. Learning layeredpictorial structures
Giventhevideoof ananimalin motion,our objective is

to estimatethe parameters� of the model for the animal
and the background. We obtain theseparametersin four
stages.In the �rst stage,an initial estimateof theparame-
tersis found. In theremainingstages,wealternatebetween
holding someparametersconstantandoptimizing the rest
asillustratedin table2. Following this methodguarantees
�nding astronglocal minimum.

1. An initial estimateof theparameters� is obtainedby divid-
ing thesceneinto rigidly moving components(x 3.1).

2. Theparameters� T ,� A and� D arekeptconstantand� M

is optimizedusing the � -expansionalgorithm. The layer
numbersl i arealsoobtained(x 3.2).

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

4. Finally, theparameters� T and� D arere-estimated, keep-
ing � M and� A unchanged(x 3.4).

Table2: Estimatingtheparameters of theLPS model

3.1. Initial estimationof parameters

We obtain an initial estimate of parameters� =
f nP ; � P ; � T ; � D g (excludingthelayernumbersl i ) using
themethoddescribedin [7]. Brie�y , this approachconsists
of choosingoneframe(e.g.the �rst) asa referenceframe.
The referenceframe is divided into uniform rectangular
fragmentswhicharetrackedthroughoutthevideosequence.
Tracking for a frame is performedby de�ning a Markov
random�eld (MRF) suchthat the sitesof the MRF corre-
spondto the fragmentsin the referenceframe. Theneigh-
bourhoodof a fragmentis de�ned asits 4-neighbourhood.
Eachputative transformationof a fragmentis represented
by a labelon thecorrespondingnodeof the MRF. Its like-
lihood is proportionalto the cross-correlationof the frag-
ment,afterundergoingthe transformation,with the frame.
Pairwisepotentialsarede�ned suchthatneighbouringfrag-
mentswhich do not move rigidly arepenalized. MAP es-
timation over all fragmentsis obtainedusing loopy belief
propagation[8]. Fig.4 showsthereferenceframeandtrack-
ing resultsfor theframesshown in Fig. 1.

Theinitial estimateof thepartsof themodelis obtained
by clusteringrigidly moving points. Fig. 5 (top) shows the
initial mattes� M of the partsobtained. The RGB values
of thecorrespondingpointsin the referenceframeprovide
the appearanceparameter� A and the motion parameters
estimatedaboveprovidetheinitial estimateof � T andm j

i .
The lighting parametersaj

i andb j
i arethencomputedin a

leastsquaresmanner.
Theinitial estimateis thenre�ned by optimizingonepa-

rameterata timewhile keepingothersunchanged.We start
by optimizingtheshapeparameters� M asdescribedin the
next section.

Figure 4. Referenceframe(left) and reconstructedframescor-

respondingto thosein Fig. 1. Each fragmentfrom the reference

frameismappedusingthemostlikely transformationobtained.The

pixelswhere no points from the referenceframeare mappedare

coloured in blue. Notethat despitetheerrors dueto discretization

of thereferenceframeinto fragments,themethodprovidesroughly

correctmotionparameters.

3.2. Re�ning shape
In this section,we describea methodto re�ne the esti-

mateof theshapeparameters� M anddeterminethe layer
numbersl i . Givenaninitial coarseestimateof theparts,we
iteratively improvetheir shapeusingconsistency of motion
andtextureover theentirevideosequence.There�nement
is carriedoutsuchthatit minimizestheenergy 	( D ) of the
model.

The distribution of the RGB valuesobtainedby project-
ing thepart into all framesis givenby the GMM M i . This
is requiredto computetheappearancecomponentin equa-
tion (4). Theparametersof M i areobtainedusingthe EM

algorithm. Given the mattes� i
M , with the corresponding

points in the referenceframe de�ning the appearancepa-
rameters� i

A , the energy of the model can be calculated
usingequation(4). Obviously, theoptimummattes� i �

M are
thosewhichminimize	( D ).

We take advantageof the ef�cient � -expansionalgo-
rithm [6] for solving MRFs which is basedon graphcuts.
Speci�cally, it is possibleto ef�ciently minimizeanenergy
functionoverpoint labellingsh of theform

	̂ =
X

x 2 X

D x (hx ) +
X

x ;y 2N

Vx ;y (hx ; hy ); (10)

underfairly broadconstraintson D andV . HereD x (hx )
is the cost for assigningthe label hx to point x and
Vx ;y (hx ; hy ) is the cost for assigninglabelshx andhy to
theneighbouringpointsx andy respectively.

In our case,eachlabelhi assignsa point x in themodel
referenceframe to part pi . Comparingthe model energy
	( D ) in equation(4) with theenergy function 	̂ we get

D x (hi ) = A(x; pi ); (11)

and
Vx ;y (hi ; hj ) = � B(x; y); (12)

wherehj 6= hi . For the sake of completeness,we de�ne
graphcutsandthe� -expansionalgorithmbelow.



A cut on a graphpartitionsits verticesinto two disjoint
sets.Thecostof acut is de�nedasthesumof theweightsof
theedgesbetweenverticesbelongingto differentsets.The
problemof minimizing 	̂ for two labelscanbeformulated
asthe problemof �nding the cut with the minimum cost,
which in turn can be ef�ciently solved by computingthe
maximum�o w of thegraph[2].

Unfortunately, minimizing 	̂ for morethantwo labelsis
an NP-hardproblem[6]. However, an iterative algorithm
called� -expansioncanbeusedto �nd a stronglocal mini-
mumwhich lies within a constantfactorof theglobalmin-
imum. This constantfactor is at least2, and dependson
V [2]. Wede�ne thelimit L i of apartpi asthesetof points
x which lie within a distanceof 25 from theboundingbox
of thecurrentshapeof pi . Eachiterationof the� -expansion
algorithmre�nesapartpi by solvingtheproblemof assign-
ing two labelshi and: hi to pointsx 2 L i , where: hi is
theunionof all labelsexcludinghi . In otherwords,at each
iterationwe do not allow a part to expandbeyond its limit
L i . For example,during an iterationwherethe headpart
is beingre�ned, eachpoint x caneitherretainits label, i.e.
remaina point on thetorsoor leg parts,or getassignedthe
labelcorrespondingto theheadpart.

Givenpartpi , let pj bea partsuchthatthelimit L i of pi

overlapswith pj in at leastoneframek of thevideo. The
numberof suchpartspj is quite small for objectssuchas
animalswhich arerestrictedin motion. For example,the
headpart of the zebrashown in Fig. 1 only overlapswith
thetorsopart. During theiterationre�ning pi , we consider
threepossibilitiesfor pi andpj : l i = l j , l i > l j or l i < l j . If
l i < l j , weassignPr(I k

i (x)jx 2 pi ) = const for framesk
wherex is occludedby a point in pj . We choosetheoption
which resultsin the minimum valueof 	 . After iterating
througheachpartonce,theparametersof theGMM M i are
updated.We stopiteratingwhenfurther reductionof 	 is
not possible. This providesus with a re�ned estimateof
� M alongwith thelayernumberl i of theparts.

Fig. 5 shows theresultof re�ning theshapeparameters
of thepartsby theabovemethodusingtheinitial estimates.
Next, the appearanceparameterscorrespondingto the re-
�ned shapeparametersareobtained.

3.3. Re�ning appearance
Oncethemattes� i

M of thepartsareobtained,thecorre-
spondingpixelsin thereferenceframeprovide the�nal es-
timateof theappearanceparameter� i

A . There�ned shape
andappearanceparametershelp in obtaininga betteresti-
matefor the transformationsasdescribedin the next sec-
tion.

3.4. Re�ning transformations
Finally, thetransformationparameters� T andthelight-

ing andmotionblur parameters� D arere�ned by search-
ing over transformationsf x; y; sx ; sy ; � g aroundtheinitial
estimate,for all partsat eachframe j . For eachputative

Figure 5. There�ned mattesof theLPS partsfor a zebra obtained

usingmulti-waygraphcuts.The�gur e alsoshowstwo of thegen-

eratedframes.Theshapeof theheadis re-estimatedafteroneiter-

ation. Thenext two iterationsre�ne the torso partswhich expand

out while the half-limbs remainunchanged. All parts (including

background)are re�ned onceafter 10 iterations. At this point, the

parameters of theGMM, M i , are re-estimated.The�nal estimates

of the headand the two bodyparts are obtainedafter 11, 12 and

13 iterationsrespectively. The�nal matteof thepartsafter20 iter-

ationsfollowedby merging smallerregionswith their neighbours

is shownin thelast row. Notethatevenwith a badinitial estimate,

the� -expansionmethodresultsin a goodlocal minimum.
transformation,parametersf aj

i ; b j
i garecalculatedin aleast

squaresmannerand the motion parametersm i
j are found

usingthecurrenttransformationand� j � 1
T i . Theparameters

whichresultin thesmallestSSD arechosen.In thenext sec-
tion, wedemonstratetheapplicationof thelearntmodelfor
segmentation.

4. Results,Segmentation
We presentan applicationof the learnt LPS model for

segmentation.Thepartsalongwith their layernumberand
their transformationsfor eachframe,areobtainedby mini-
mizing theenergy 	( D ). In our experiments,� and� are
assignedthevalues1 and5 respectively.

In practice,the� -expansionalgorithmdescribedin x 3.2
convergedafter2 expansionmovesfor eachpart, resulting
in atotalof 20expansionmoves,for all thevideosequences
we used.Whenre�ning parameter� T asdescribedin sec-
tion 3.4, we searchedfor putative transformationsby con-
sideringtranslationsof upto 5 pixels, scalesbetween0:8
and1:2 androtationsbetween� 0:3 and0:3 radiansaround
theinitial estimate.



To obtainsegmentationof the video, the parameters�
areusedto generatethe framesasdescribedin section2.
Our assumptionthat parts are always mappedonto the
framebeinggeneratedusingonly simplegeometrictrans-
formationsf x; y; sx ; sy ; � g is not alwaystrue. This would
result in gapsbetweenparts in the generatedframe. In
order to deal with this, we allow for slight parallaxdis-
tortion [10] for eachpart by relabellingpointsaroundthe
boundaryof parts. This relabellingis performedby using
the � -expansionalgorithm. The costD x (hi ) of assigning
point x aroundthe boundaryof pi to pi is the inverselog
likelihoodof its observed RGB valuesin that framegiven
by the GMM M i . The costVx ;y (hi ; hj ) of assigningtwo
differentlabelshi andhj to neighbouringpointsx andy is
directlyproportionalto B(x; y) for thatframe.

Fig. 6 and7 show the resultsof segmentationon zebra
andrhinocerosvideoswhichhave25framesand100frames
respectively. Thethird row in each�gure shows thediffer-
encebetweentheactualframeandtheonegeneratedusing
theLPS model.Mostof theerrorin thezebravideois dueto
themisalignmentof texturein theheadandbodyparts.The
performanceof ourmethodwasmeasuredusingtwo manu-
ally segmentedintermediateframescorrespondingto those
shown in Fig. 5. Outof 27268groundtruth foregroundpix-
elsin theseframes,26224(96.17%)werepresentin thegen-
eratedframes.Theerrorsin therhinocerosvideoaremainly
dueto thelegsbeingpartiallyoccludedby grass.Resultsin-
dicatethatexcellentsegmentationis obtainedusingtheLPS

model.

Figure 6. SegmentationresultsI (Zebra sequence).The�r st row

shows�ve framesof theoriginal videosequence. Thesecondrow

showsthe resultof segmentingthe zebra from the corresponding

frames. Each of thesesegmentedframesis generated by the pa-

rameters � of thelearnt LPS asdescribedin x 2. Thedifferencein

RGB valuesof the correspondingpixelsis shownin the third row.

Notethat mostof theerrors are dueto misalignmentof texture in

the headandbodypartsdueto muscularexpansionand contrac-

tion. Smallpartsmoving non-rigidly, such asears andmane, also

resultin someerror.

5. Summary and Conclusions
We have proposeda new model,LPS, which overcomes

many de�cienciesin previousmodelssuchashandlingself-
occlusionand changesin appearancedue to lighting and
motionblur. We alsodescribeamethodto learntheparam-
etersof the LPS modelfor anobjectfrom a videoin anun-
supervisedmannerusingmulti-way graphcuts. The learnt

Figure 7. SegmentationresultsII (Rhinosequence).Mostof the

errorsareduetoapart beingpartially occludedbythebackground.

modelgivesexcellentresultsfor segmentationof anobject.
The modelcanalsobe usedfor otherapplicationssuchas
poseestimationandobjectrecognition.

Themethodneedsto beextendedto includevariousvi-
sualaspectsof an object, i.e. in addition to sideviews, it
mustalsohandlefrontal, backand3=4 views. The model
shouldalsobe improved to includepartsof the scenenot
presentin thereferenceframe.
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