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ABSTRACT

This paper describestwo algorithms for the real-time segmentationof foreground from background layers in
stereo video sequences.Automatic separation of layers from colour/contrast or from stereo alone is known to
be error-prone. Here, colour, contrast and stereo matching information are fusedto infer layers accurately and
ef�ciently. The �r st algorithm, LayeredDynamic Programming(LDP), solvesstereo in an extended6-statespace
that representsboth foreground/background layers and occludedregions.Thestereo-match likelihoodis thenfused
with a contrast-sensitivecolour model that is learnedon the �y , and stereo disparitiesare obtainedby dynamic
programming. Thesecondalgorithm, LayeredGraphCut (LGC), doesnot directly solvestereo. Insteadthe stereo
match likelihoodis marginalisedover disparitiesto evaluateforegroundandbackgroundhypotheses,andthenfused
with a contrast-sensitivecolour modellike the oneusedin LDP. Segmentationis solvedef�ciently by ternarygraph
cut.

Both algorithmsare evaluatedwith respectto groundtruth data and foundto havesimilar perfomance, substan-
tially betterthaneitherstereoor colour/contrastalone. However, their characteristicswith respectto computational
ef�ciency are rather different. Thealgorithmsare demonstratedin the applicationof backgroundsubstitutionand
shownto give goodquality compositevideooutput.

I . INTRODUCTION

This paperaddressestheproblemof separatinga foregroundlayer, from stereovideo,asin �gure 1, in real time.
A prime applicationis for teleconferencingin which the useof a stereowebcamalreadymakes possiblevarious

input left view input right view automaticlayer separation and backgroundsubstitutionin three frames

Fig. 1. An exampleof automaticforeground/background separationin binocularstereosequences.The extractedforeground
sequencecanbe compositedfree of aliasingwith differentstaticor moving backgrounds;a useful tool in video-conferencing
applications.StereosequenceAC usedhere.Note: the input synchronizedstereosequencesusedthroughoutthis papercanbe
downloadedfrom [1], togetherwith hand-labeledsegmentations.

transformationsof the video streamincluding digital pan/zoom/tiltand object insertion[1]. Here we concentrate
on providing the infrastructurefor live backgroundsubstitution.This demandsforegroundlayer separationto near
ComputerGraphicsquality, including � -channeldeterminationas in video-matting[12], but with computational
ef�ciency suf�cient to attain live streamingspeed.

Layer extraction from imageshaslong beenan active areaof research[6], [4], [22], [31], [33]. The challenge
addressedhereis to segmentthe foregroundlayer both accuratelyand ef�ciently . Conventionalstereoalgorithms
e.g.[25], [13] haveprovencompetentatcomputingdepth.Stereoocclusionis a furthercuethatneedsto beaccurately
computed[20], [5], [23], [16] to achieve goodlayer extraction.However, the strengthof stereocuesdegradesover
low-texture regions suchas blank walls, sky or saturatedimageareas.Recentlyinteractive colour/contrast-based
segmentationtechniqueshave beendemonstratedto be very effective [10], [27], even in the absenceof texture.
Segmentationbasedon colour/contrastaloneis nonethelessbeyond the capabilityof fully automaticmethods.This
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a) b) c) d)

Fig. 2. Segmentationby fusing colour, contrast and stereo.Resultsof threedifferentsegmentationalgorithmsrun on two
differentstereo-pairs(see[1] for moreexamples).a) data(left image);b) Segmentationbasedon stereo[16]; c) Segmentation
basedon colour/contrast[27]; d) TheLGC algorithmproposedherefusescolour, contrastandstereoto achieve a moreaccurate
segmentation.The foregroundartefactsvisible in b) andc) arecorrectedin d).

suggestsa robust approachthat exploits fusion of a variety of cues.Herewe proposea modelandalgorithmsfor
fusion of stereowith colour andcontrast,anda prior for intra-layerspatialcoherence.

The ef�ciency requirementsof live backgroundsubstitutionhave restrictedus to algorithmsthat are known to
be capableof near frame-rateoperation,speci�cally dynamicprogrammingand graph cut [10], [11]. Therefore
two approachesto segmentationareproposedhere:LayeredDynamicProgramming(LDP) andLayeredGraphCut
(LGC). Eachworks by fusing likelihoodsfor stereo-matching,colour andcontrastto achieve segmentationquality
unnattainablefrom eitherstereoor colour/contraston their own (see�g. 2). This claim is veri�ed by evaluationon
stereovideoswith respectto groundtruth (sectionV). Finally, ef�cient post-processingfor matting[14] is applied
to obtaingoodvideo quality as illustratedin stills andaccompanying video in the CD-ROM proceedings.

The paper is organisedas follows. In section2 we describecomponentsof our probabilistic model that are
commonin both techniques.In sections3 and4 we presentLDP andLGC algorithms,respectively. Experimental
resultsaregiven in section5 and thenconclusionsin section6.

I I . PROBABILISTIC MODELS FOR BI-LAYER SEGMENTATION OF STEREO IMAGES

First we outline the probabilisticstructureof the stereoandcolour/contrastmodels.

A. Notationand basic framework

Pixels in the recti�ed left andright imagesarelabelled � and � respectively, andindex eitherthe entireimages,
or just a pair of matchingepipolarlines,asneeded.Over epipolarlines, the intensity functionsfrom left andright
imagesare �����	��
�

�

�����������	�������������	�����

�

�����������	�������

Left andright pixels areorderedby any particularmatchingpath(�g. 3) to give �

�� 

� cyclopeanpixels

!

���	"	#$�&%'�����������	�

�

�( �)*���

where
%+�

�

 

� . The
%

-axis is the so-calledcyclopean1 coordinateaxis. Conventionally in stereomatchingthe
so-called“orderingconstraint”is imposed,andthis meansthateachmove in �gure 3 is allowedonly in thepositive
quadrant[3], [25]. Furthermore,in our framework, only single-stephorizontaland vertical movesare allowed —
no diagonalor multistepmoves.The reasonfor this — it makesfor a cleanerprobabilisticmodel— is explained

1cyclopeanheremeansmid-way betweenleft andright input cameras.
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Fig. 3. Stereo match-space.Notation conventionsfor left and right epipolar lines with pixel coordinates,.-0/ , cyclopean
coordinates1 andstereodisparity 2�34,�5./ . Possiblematchingpathshown dashed(cf. [5], [13]).

later. Stereo“disparity” along the cyclopeanepipolar line is 6
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and disparity is simply
relatedto imagecoordinates:
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Cyclopean F

%���8�J

coordinatesform an alternative coordinatesystemto F

�

�

�

J

in the matchingdiagram,and are
well known to be helpful for probabilisticmodelling of matching[5]. In addition an array O of statevariables,
either in cyclopeancoordinatesO

���QPR#��

or imagecoordinatesO

���QP�
H�

, takesvalues
PS#T4�	UV��W��YXZ�

according
to whetherthe pixel is a foregroundmatch,a backgroundmatchor occluded.

This setsup the notationfor a pathin match-spacewhich is a sequenceF

6

�

O

J

of disparitiesandstates.A Gibbs
energy [

F

!

�

6

�

O]\Y^

�Y_`J

can be de�ned for the posteriorover the inferred sequenceF

6

�

O

J

given the imagedata
! . Parameters

_

and ^ relate respectively to prior and likelihood terms in the posterior, and will be explained
in more detail below. Then the Gibbs energy can be globally minimised to obtain a segmentation O and, as
a bi-product, disparities 6 . The LDP algorithm (section III) minimises the Gibbs energy separatelyover each
epipolar line. Alternatively, the LGC algorithm (section IV) minimises, globally over the images,a modi�ed
Gibbs energy [

F

!

�

O]\Y^

�Y_`J

in which disparity variablesdo not explicitly appear. The result is an estimate O

of foreground/backgroundsegmentation,but without the bi-productof stereodisparities.

B. Prior distribution over matching paths

In the remainderof this sectiona broadlyBayesianmodel for the posteriordistribution a

F

O

�

6cb

!

J

is setup as
a productof prior and likelihood:

a

F

O

�

6cb

!

J�d

a

F

O

�

6

J

a

F

!

b�O

�

6

Je�

(2)

Theprior distribution a

F

O

�

6

J

is decomposed,in theinterestsof tractability, asa Markov model,eitherasMarkov
chainsalong scanlines,for LDP, or as a disparity-independentMarkov RandomField (MRF) a

F

O

J

over an entire
image,for LGC. The Markov chainmodeldecomposesthe prior as

a

F

O

�

6

J��

a

F

P�f*��8<f*Jhg

#

a

F

P�#<��8<#

b

P�#	iRjk��8<#	iRjkJ

(3)

in which the transitionkernel a

F

PR#���8<#

b

P�#	iRj���8<#	iRjkJ

is sparse.The sparsityhasthe effect of restrictingthe space
of allowed moves in match-space(�gure 3) to a small set (seebelow). Within that set, transition probabilities
favour runs within the foregroundand within the backgroundstates;within matchedand unmatchedstates;and
favour low disparity in the backgroundwith high disparity in the foreground. Details are given in section III.
More generally, an MRF prior for F

O

�

6

J

is speci�ed as a productof clique potentials l

#	m #kn

over all pixel pairs
F

%��e%$opJ'T�q

deemedto be neighbouringin the cyclopeanimage (LDP), or the left image (LGC). For LDP we
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have l

#	m #kn��

l

#	m #kn

F

P�#<��8<#<�rP�#kns��8<#kntJ

but restricted,in Markov chains,to horizontalpixel-pairs– i.e. pairs that are
neighboursin a particularepipolarline. In LGC, wheredisparitiesdo not appearexplicitly, l

#	m #knS�

l

#	m #kn

F

P�#<�rP�#kntJ

which is simpler than in LDP, except that pairsoccuralsoacrossneighbouringepipolarlines.
Stepwiserestriction for LDP: Previous matching algorithms e.g. [13], [18] have allowed multiple and/or

diagonalmoves on the stereomatchingpaths (�g 3). However, the problem here differs signi�cantly. In [13],
[18] diagonalmoves are always matched,and horizontal/vertical onesare unmatched.However the natureof the
stereomatchingproblem demandsthat horizontal/vertical moves should come both in matchedand unmatched
forms. (Matchedhorizontal/vertical movesare neededto representthe deviation of a visible surfacefrom fronto-
parallel).This raisesa consistency requirementbetweenmatchedmove types:a path consistingof a sequenceof
diagonalmoves is exactly equivalent to a correspondingpath in which horizontal and vertical moves alternate
strictly. The probabilitiesof the two pathsshould thereforebe identical. This is most easily achieved simply by
outlawing explicit, diagonalmatchedmoves, forcing them to be expressedinsteadas a horizontal/vertical pair.
This restriction,illustratedin �g. 3, thusensuresa consistentprobabilisticinterpretationof the sequencematching
problem.Furthermore,the stepwiserestrictionhasthe addedvirtue that eachelement

�`


and
���

is “explained”
onceandonly once.This is becausea horizontalstepin �g. 3 visits a new

�u


, which is thereby“explained” but
stayswith the old

�&�

. Conversely, a vertical stepvisits a new
���

. Thus each
�v


andeach
�&�

appearsonceand
only onceas

"*#

in the a

F

"	#

b

�����wJ

termof thejoint likelihood a

F

!

b*O

�

6

J

(4) below, makingfor a consistentde�nition
of the likelihood.

C. Likelihoodfor stereo

We needto model the stereo-matchinglikelihood function a

F

!

b�O

�

6

J

and this is expandedas

a
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(4)

wherethe pixelwise negative log-likelihood ratio, for matchvs. non-match,is

|
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(5)

According to the de�nition, |

}

#

F

X‡��8<#�Jˆ�c�

. Commonly[29] stereomatchesare scoredusingSSD (sum-squared
difference),that is ‰‹Š -norm of differencebetweenimage patches

�VŒ




�:�&Œ

�

surroundinghypotheticallymatching
pixels �

�

� . Following [16] we model |

}

#

in termsof SSDbut with additive andmultiplicative normalisationfor
robustnessto non-Lambertianeffectsandphotometriccalibrationerror. This is termedNSSD— normalizedSSD:

|
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where
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�†“

F

�
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with
“

a constant,andthe NSSD
�

is:
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in which
�

Œ

denotesthe meanvalueover the patch
�HŒ

. As a re�nement,we further allow for subpixel offset by
parabolicinterpolation,alongepipolarlines, of the valuesof

�
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andtake theminimumvalueof theparabolato replacethevalueof
�

F

�uŒ




���&Œ

�

J

, whereit is neededin thematching
algorithm.This subpixel re�nementwasfound to improve error ratesmildly, andwassimilar in effect to alterative
interpolationschemes[24], [7]. This model hasbeentestedagainstthe Middlebury data-sets[2] and found to be
reasonable— examplesof resultsare given in �g. 4a). Importanly, suchanalysisgivesusefulworking valuesfor
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Fig. 4. Lik elihood model: the empirical negative-log-likelihoodratio ˜`™ is shown for stereomatches,plotted here(a) as
a function of the NSSDmeasureš+›pœ~•�-ˆžV•hŸ , using the groundtruth stereodatafrom threeof the Middlebury datasets[2]
(“cones”,“teddy”, and“sawtooth”). Notethe linearity in theregion of ˜

™
3�  , wherediscriminationis mostcritical. Themore

commonlyusedSSDmeasureis alsoanalysed(b) but givesa non-linear ˜
™

, which is also lessconsistentacrossdatasets.
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Fig. 5. Sensitivity of the lik elihood ratio offset parameter: thevalueof theparameterš&¡ affectstheerrorratein classi�cation
of occlusions,for the 4-stateDP algorithmdescribedbelow in sectionIII. Resultsareshown herefor the “cones” datasetof
�gure 4. The value šA¡V3� �¢ £	¤ , estimatedby linear �tting of the likelihoodratio, givesperformancethat is closeto optimal.

“

, which turnsout to bequiteconsistentat around
“.�¥)��

. 2 For the parameter
�Zf

, the dataanalysisyieldsa value
of approximately0.3. However, we found the discriminatively optimal

�¦f

is usuallya little larger: a typical value
is

�‡fA����� §

, and that valuegivesbettererror ratesin practice.An exampleof the sensitivity of the
�.f

parameter
is shown in �gure 5.

As it hasbeenmoreconventional[29] in stereoto useSSDasa match-costratherthanNSSD,resultsareincluded
also for |

}

modelledas a function of SSD, in �g. 4b). Two issuesarisefrom this. The �rst is that an effect of
normalisationis that the |

}

-characteristicis more consistentacrossdatasetsfor NSSD than for SSD.Henceit
is reasonableto �x the function usedto model the ¨ -characteristicin the NSSDcase,whereasfor SSDadaptivity
would be necessary. The secondis that the linearity apparentfor NSSDis absentfor SSD.Thereforethe statistical
evidencedoesnot supportthe conventionalmodellingof match-costasproportionalto SSD.In fact the data�ts an
inversepower model |

}

d©)	ªK«‹¬

, with  varying in the range
��� ®¦¯



¯•)°� ±

over the Middlebury dataset.With
this non-linearlikelihood,we have found DP stereobasedon SSDto performat comparableerror ratesto NSSD,
or slightly worse.On balancethe linearity andconsistency of the likelihoodfor NSSDarereasonswhy we prefer
to assumeNSSDasthe suf�cient statisticfor discriminatingmatchesfrom mismatches.

D. Likelihoodfor colour

Following previousapproachesto two-layersegmentation[10], [27] wemodellikelihoodsfor colourin foreground
andbackgroundusingGaussianmixturesin RGB colourspace,learnedfrom imageframeslabelled(automatically)

2From monochromecomponentsof the 8 imagesin the Middlebury set,we obtain ²A³µ´r¶Q· ¸�¹:´Y· ¸ for ¸»º`¸ patchesasusedin LGC, and
²`³µ´r¶Q· ´R¹¼´Y· ½ for ¾ˆº&¿ patchesasusedin LDP.
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from earlier in the sequence.The foregroundcolour model aRÀ

F

"$J

is simply a spatially global Gaussianmixture
learnedfrom foregroundpixels,andsimilarly for thebackgroundmodel a~Á

F

"$J

. Thecombinedcolourmodelis then
given by an energy |HÂ

#

:

|
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#

F

"	#<�rP�#KJ��Ž•

=•€C‚Kƒ…aÃÀ
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"	#KJ

@C‘

PÄ��U
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F
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PÄ��W

‚KÅ

PÄ�†X

(8)

Learningof theglobal foregroundandbackgroundcolourmodelsaRÀ and a�Á proceedsasfollows. Eachis a mixture
of

�

Â

�

�

�

full covarianceGaussiancomponentsin RGB colour-space,and is learned,at eachvideo timestep,
using 10 iterationsof EM [17], initialised from the mixture in the previous frame. The data is taken from the
previous timestep,labeledas foreground/backgroundfrom the output of the segmentationprocess.In the caseof
LGC, the algorithmwill be de�ned with respectto one(the left) imageonly, so colour modelsarebuilt from that
one image.In the caseof the LDP algorithm,modelsare maintainedindependentlyfor eachof the left and right
images.The total energy for colour is taken as:

|�Æ

F

!

�

O]\Y^

JV�„ÇuÈ

#

|�Æ

#

F

"	#<�rP�#KJ

(9)

wherethecolour discountconstant
Ç

(typical value
Ç:�¥)	ª

� ) is includedto tunethebalanceof in�uence betweenthe
stereomodelandthecolourmodel.In principle,thegenerativederivationof theenergiesshouldhave balancedthem
already. In practice,the pixelwise independenceassumptionsbuilt in to the colour model rendersthe in�uence of
colourexcessively strong,andchoosinga value

Ç¦É�)

discountsfor that.Colourmodelsareinitialisedby switching
themoff at time Ê

���

by settingthe weight
Ç:���

, andthenswitching it to its �nal valueat time Ê

�¥)

. (A more
progressive strategy might seemreasonable,but is found in practiceto be unnecessary.)

E. Contrast modeland �gur al continuity

Thereis a naturaltendency for segmentationboundariesin imagesto align with contoursof high contrastand
it is desirableto representthis as a constraintin stereomatching.This can be achieved by adjustingthe prior
penaltiesl

#	m #kn

associatedwith segmentationboundaries,abatingthemwherethereis evidencefrom imagecontrast.
This is relatedto the very well known themesin image-segmentationof “line processes”[21], “weak constraints”
[9] andanisotropicdiffusion [26]. In a recent,particularlyeffective model for binary segmentation[10] a penalty
is associatedwith boundaries,and abatedby a discount factor that dependsmonotonicallyon image contrast.
Simplerversionsof suchcontrastmodelshave beenusedpreviously in stereoalgorithms[11], [23] to favour �gural
continuity. Fromtheprobabilisticpoint of view, thecombinedpenaltyanddiscountseemsto obscuretheseparation
betweenprior distribution and likelihood. However it has beenshown, at least for binary segmentation,that a
consistentinterpretationof segmentation-priorandcontrast-likelihooddoesexist [8].

Herewe de�ne a discountedpenaltyfor the stereomatchingproblemasan imageenergy of the form
Ë

#	m #knÃ�

l

#	m #kn

ËÌ

F

"	#<��"	#kntJe�

(10)

where
%��e%$o

areneighbouringpixel-pairsin thecyclopeanimage.Thefunction l

#	m #kn

is thecliquepotentialcoef�cient
de�ned earlier in sectionII-B. The exact form of l

#	m #kn

is different for LDP and LGC, and it is given later in
correspondingsections.Generally, it has the effect of applying a penaltyat boundaries,wherethe statechanges
between

PÄ��UV��W��YX

. The term
Ë

Ì

is the contrastsensitive discountto the boundarypenalty(10):

Ë‡Ì

#	m #kn

F

"h��"
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where
Ï

F

����� J

is a Gaussiansmoothing�lter at the(approximately)Nyquistscaleof
��� ±

pixels,
89#	m #

n

is theEuclidean
distancebetweenpixels

%��e%�o

and ÑRŠ

#	m #kn

�•Ó

”kÏ

F

"	#KJ

=

Ï

F

"	#knÔJ

”

Š

ª*8<#	m #kn

Š°Õ , a meancontrastover all neighbouringpairs
of imagepixels. The constant

Í

is a “dilution” constantfor contrast,previously [10] set to
Í��c�

for pure colour
segmentation.Here,

Í4�?)

seemsmore appropriate— diluting the in�uence of contrastin recognitionof the
increaseddiversity of segmentationcues,andmild supportingevidencefor this is given later.
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I I I . LAYERED DYNAMIC PROGRAMMING (LDP)

The LDP algorithmsolvesfor disparityover individual scanlineson the (virtual) cyclopeanimage
"<#

. It is based
on the classicdynamicprogrammingapproach[13], [25], togetherwith augmentationof the statespaceto handle
occlusionby meansof the “4-state” model [15]. As a generalcomment,it is worth acknowledgingat this point
that DP restrictedto scanlinesobviously cannotperform exact inferenceon the model as set out in the previous
section,as thereis no explicit imposition of constraintsbetweenepipolar lines. This is one of the advantagesof
the alternative LGC algorithm,describedin the next section,which doesfully integrateconstraints.Nonetheless,
in DP thereis someimplicit transferof informationacrossscanlinesin that the patchesusedto de�ne the stereo-
matchinglikelihood (sectionII-C) in adjacentepipolar lines do overlap,so that the evaluatedlikelihoodswill be
somewhat correlatedin adjacentlocationson adjacentepipolar lines. As previous studieshave shown [15] this
implicit imposition of constraintsis quite successfulin reducingstereolabelling artefacts. Further reductionof
epipolarartefactsis encouragedby imposingthe �gural continuityconstraintdescribedearlierin sectionII-E, given
that edgefeaturestendnaturally to be coherent.

This sectionsetsout the Markov model underlying the LDP algorithm. First the 4-statemodel for stereois
reviewed in sectionIII-A. To achieve segmentation,foreground/backgroundstatesare then addedto the 4-state
model, togetherwith colour/contrastenergy, to arrive at a new 6-statemodel,which is describedin sectionIII-B.
In summary, it is de�ned by an energy function composedof four terms:
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(12)

representingenergies for spatialcoherence/contrast,stereolikelihood,disparity-pull and colour-likelihood respec-
tively.

A. 4-statestereo with occlusions

The 4-statemodelfor stereomatchingis reviewed in this section;its basicstructureis summarisedin �g. 6. The
4-statesystemand its transitionshasassociatedenergy termsthat de�ne a global energy

[

F

!

�

6

�

O]\Y^

�Y_`JV�†È

#

[

#

F

8<#<��8<#	iRjQ�rP�#<�rP�#	iRjYJ

(13)

where
P�#¦TI�	ÛÜ�YX�

, in which
Û

denotesa stereomatchand
X

an occlusion.Each [

#

F

�����CJ

term consistsof the
sum

[

#��

Ë

#	iRjrm #ˆ 

|
}

#

(14)

of a statecost |

}

#

, inside nodeson the diagramof �g. 6, and a cost
Ë

#	iRjrm #

of transition
%

=

)'ÝÞ%

(on arcs).
The occludingstate

PS#.�ŽX

is split into two sub-states(red circles in �g. 6), left-occludingand right-occluding
(which do not intercommunicate,re�ecting geometricconstraints).The matchingstate

P‹#¦�•Û

also hasleft and
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right substates(greencircles in �g. 6). The typical progressof a matchingpath then alternatesbetweenleft and
right, asin �gure 3. In both cases,matchedandoccluding,handednessß

#

canbe computeddirectly from disparity
as follows:

ß

#��Ž•

�Và$ásâ

@C‘

8<#H�„8<#	iRj» �)

�¼ãÔä�å�â

@C‘

8<#H�„8<#	iRj

=

)°�

(15)

Therearea total, then,of 4 possiblestates:
PR#T’�

L-match,R-match,L-occ, R-occ
�

. Match costsinsidenodesare
de�ned in termsof matchlikelihoodenergy de�ned earlier (6), so that:

|&}

#

�

•

F

��
�����9Je�

(16)

with �

�

� calculatedfrom disparityas in (1).
The prior model over matchingpaths l

#	m #kn

(section II-B) is expressedin terms of a numberof parameters_æ���	ç�èv�eékèV��çÃ�eé	��ê	�

(�gure 6). It might seemproblematicthat so many parametersneedto be set,but in fact they
canbe learnedfrom previous labelledframesas follows:

ékè’�

€C‚Kƒ

F

��ë

è]J¥éu�

€C‚Kƒ

F

��ë

}

J

(17)

where ë

}

and ë

è

arethe meanwidths of matchedandocclusionregionsrespectively. This follows simply from
the fact that �

ykz�{

=

é

is the probability of escapefrom a matchedstate,and similarly for �

ykz�{

=

é*è

from an
occludedstate.Thenconsiderationof viewing geometry(detailsomitted) indicates:

ç'�

€C‚Kƒ

F

)V IìÄª*í'J

=Ü€C‚Kƒ

F

)

=

)	ª

ë

}

Je�

(18)

where
ì

is a nominaldistanceto objectsin the sceneand
í

is the interoculardistance(camerabaseline).Lastly,
probabilisticnormalisationdemandsthat

ê`�

=•€C‚Kƒ

F

)

=;�Kî

iÃï

=;î

iÃð

J

LKM

N

ç�è��

=•€C‚Kƒ

F

)

=;�Kî

iÃïsñ

Je�

so the numberof independentparametersin
_

is reducedto three:
ç

,
é*è

and
é

.

B. 6-statestereo with occlusionand layers

Next, we distinguishforegroundandbackgroundlayersandusean extended6-statealgorithmin which matched
statesfrom the 4-statesystemare split into foreground and backgroundsubstates.The diagramof �g. 6 is cut
by the splitting of the matchedstatesto give a total of 6 possiblestates:

P~#¦TI�

L-match-F, R-match-F, L-match-
B, R-match-B,L-occ, R-occ

�

. This is re�ected in the topologyof the extendedstate-spacediagramof �g. 7 which
has6 possiblestates:

PS#¼Tò�

L-match-F, R-match-F, L-match-B, R-match-B,L-occ, R-occ
�

, with costs
Ë

#	iRjrm #

of
transition

%

=

)HÝó%

on arcsandstatecosts |

}

#

insidenodes,asbefore.The model hasa numberof parameters_æ���	ç$ôV��ç�õˆ��ç�öV�eéYôV�eékõˆ�eéköRôV�eékö…õV��êkôˆ��ê�õV�

all of which canbesetfrom statisticsandgeometryasbefore,but now
statisticsarecollectedboth for the

PR#���U

and for the
PS#���W

conditions.

C. Addingdisparity-pull and colour/contrast fusion

It remainsto add in energies for the colour and contrastlikelihoods.The full energy for stereomatching,per
cyclopeanpixel, is now

[

#��

Ë

#	iRjrm #ˆ 

|
}

#

 

|
Ú

#

 

|
Æ

#

(19)

where |

}

#

and
Ë

#	iRjrm #

are respectively the node and transition energies from section III-B. The nodal energy
has been extended,from |

}

#

to |

}

#

 

|

Æ

#

 

|

Ú

#

, to take accountof additional colour and “disparity-pull”
information,respectively. The colour energy term |

Æ

#

is maintainedasdescribedearlier in sectionII-D, andwith
one foreground/backgroundmodel pair for eachof the left and right images.The constant

Ç•É©)

to discountthe
strengthof the colour model is includedasbefore.This givesa colour energy term of the form

|
Æ

#

�

|
Æ

#

F

"	#<�rP�#<�

ß

#�Je�

(20)

where ß

#

takes the value
�Và$ásâ

or
�¼ãÔä�å�â

, and is computedas in (15). The disparity-pullenergy

|&Ú

#

F

"	#<�rP�#KJ��

=•€C‚KƒRa

F

8<#

b

P�#KJ

(21)
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Fig. 7. Extended statespacefor foreground/background segmentation.Thematchedstateof �g. 6 is split into a foregound
anda backgroundsubstate.Note that from the foregroundstates(yellow circles),only the right occludingstateis accessible,
and from background(blue circles) only the left occluding state— re�ecting a neglect, in the interestsof simplifying our
model,of thepossibilityof foreground/foregroundocclusion.Modi�ed matchcostsnow incoproratedisparity-pullandcontrast
effects— seetext for details.

representsthepull of eachlayer towardscertaindisparities,asdeterminedby thepull-densitiesa

F

8Ã#

b

P�#H�„UV��W��YXHJ

.
Typically this term pulls the foreground/backgroundlayerstowardslarger/smallervaluesof disparity respectively.
Fromthepoint of view of Bayesianmodelling,the |

Ú

termshouldbeconsideredasa modi�cation of thematching
pathprior, to take accountof foreground/backgroundin�uence.

Finally, the transitioncomponent
Ë

#	iRjrm #

from the 6-statemodel is further modi�ed to take accountof contrast
(10). This is doneby modifying eachtransitionenergy betweenoccludingandforegroundstates(�g. 7) asfollows:

éYô�Ý÷éYô

ËÌ

#

LKM

N

éköRô’ÝøéköRô

ËÌ

#

�

(22)

wherecontrastdiscount
Ë

Ì

is de�ned asbefore(11), but applying to the left or right imageasappropriate:

Ë
Ì

#

�©•

Ë

Ì

F

��
H����

iRj

J

@C‘�ß

#����Và$ásâ

Ë

Ì

F

���Ã�����
iRj

J

@C‘�ß

#����¼ãÔä�å�â<�

(23)

Now the full 6-statesystem,augmentedboth for bi-layer inferenceand for fusion of colour/contrastwith stereo
canbe optimisedby dynamicprogrammingasbefore.Resultsof this approachareshown below in sectionV, but
in the meantimethe alternative LGC algorithm is described.This effectively de�nes the l

#	m #kn

termsfrom section
II-E. At this point all prior and likelihoodparametersfor the LGC modelhave beende�ned.

IV. LAYERED GRAPH CUT (LGC)

LayeredGraphCut (LGC) determinessegmentationO astheminimumof anenergy function [

F

!

�

O]\Y^

J

, in which,
unlike LDP, stereodisparity 6 doesnot appearexplicitly. Instead,the stereomatchdistribution (4) in sectionII-C
is marginalisedover disparity, aggregatingsupportfrom eachputative match,to give a likelihood a

F

�

bhO

���ÄJ

for
eachof the three label-typesin O : foreground,backgroundand occlusion(

UV��W��YX

). Segmentationis thereforea
ternary problem,and it can be solved (approximately)by iterative applicationof a binary graph-cutalgorithm,
augmentedfor a multi-label problemby so-called� -expansion[11]. Thusthe LGC algorithmis an alternative way
of implementingthe colour-stereofusion idea, that turnsout to be very effective. A particulardifferencebetween
LDP andLGC is that,giventhat it doesnot explicitly solve for stereodisparity, LGC is mostconvenientlyspeci�ed
with respectto one(e.g. left) image,ratherthan in the cyclopeanframeas in LDP.

The energy function for LGC is composedof threeterms(cf. 4-termenergy (12) in sectionIII for LDP):

[

F

!

�

O]\Y^

�Y_`JV�

Ë

F

!

�

O]\Y^

J~ 

|�ù

F

!

�

O

�Y_`J~ 

|
Æ

F

!

�

O]\Y^

Je�

(24)
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a) colour b) stereo (F vs. B)

Fig. 8. Colour and stereo log-likelihood ratios in LGC. If a value is positive, it is shown in the red channel,otherwiseit
is shown in the blue channel.(a) 5V˜uú

û

›pœ

û

-ýü`ŸÃþ4˜ˆú

û

›pœ

û

-ýÿ�Ÿ . (b) 5V˜��

û

›pœ

û

-ýü`Ÿ�þ4˜��

û

›pœ

û

-ýÿ�Ÿ . Resultsfor sequenceAC at
frame0.

representingenergiesfor spatialcoherence/contrast,stereolikelihoodandcolour-likelihoodrespectively. Thecolour
energy is simply a sumover pixels, asbefore(9), but now over the left imageonly:

|�Æ

F

!

�

O]\Y^

Jv�„ÇuÈ




|�Æ




F

��
�rPÃ
�J

(25)

of the colourenergy de�ned earlier(8), with the adjustmentfactor
Ç

asbefore.Typical color likelihoodsareshown
in Fig. 8a.

Thecoherence/contrastenergy
Ë

F

!

�

O]\Y^

J

is a sum,over cliques,of pairwiseenergiesof the form (10) in section
II-E, but with the potentialcoef�cients l



m



n

now de�ned as follows. Cliquesconsistof horizontal,vertical and
diagonal neighbourson the squaregrid of pixels. For vertical and diagonal cliques it acts as a switch active
acrossa transition in or out of the foregroundstate: l



m



n

• P~�rPÃo –v�

� if exactly one variable
P~�rP�o

equalsF, and
l



m



n

• P~�rPÃo –A���

otherwise.Horizontal cliques,along epipolar lines, inherit the samecost structure,except that
certaintransitionsaredisallowed on geometricgrounds.Theseconstraintsare imposedvia in�nite costpenalties:

l



m



n

• PÄ��UV�rP

o

�†XA–S���

\�l



m



n

• PÄ�†X‡�rP

o

��Wv–R���„�

The constant� is broadly relatedto
é

and
éQè

in the LDP model,so a reasonableworking value for � is

�

�

)

�

F

é] �ékè]J��

€C‚Kƒ

F

�

�

ë

}

ë

è»Je�

(26)

wherewidth parametersë

}

and ë

è

werede�ned earlier (17).

A. Marginalisationof stereo likelihood

The remaining term in (24) is |

ù

F

!

�

O

J

which capturesthe in�uence of stereomatching likelihood on the
probability of a particularsegmentation.It is de�ned to be

|�ù
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Jv�†È
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(29)

— marginalizing over disparity, andthe distributions a

F

8�
 ��8

b

PÃ
�J

for
PÃ
�T4�	UV��WA�

are�x ed to disjoint uniform
distributions, and a

F

8<
 � 8

b

PÃ
 ��W`J�

a

F

8�
 ��8

b

PÃ
(� XHJ

. (Alternatively, at least for LDP, the distributions
could be learnedadaptively using labelleddatafrom previous frames.)The

�

‚

M	�

B term in (28) allows us to make
useof the likelihood-ratiomodelof sectionII-C for stereomatches,giving

|
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Typical stereolikelihoodsareshown in Fig. 8b.
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a) F-expansion b) O-expansionregion c) O-expansion

Fig. 9. One iteration of the expansionmove algorithm in LGC. Con�guration is initialized with �

û

3Iÿ for all pixels,
thensubjectedto F-expansionto give (a). (b) O-expansionis restrictedto a region closeto B-F transitions,shown shaded,to
give the �nal result (c), in which the O-label is shown in green.(Resultsfor sequenceAC at frame0.)

B. Expansionmove algorithm

Currently, graphcut basedstereoalgorithmstechniquessuchas[10], [23] arenot suitedfor real-timeimplemen-
tation.The main reasonis that they perform �

F

8$

ð��

J

alphaexpansionoperations(binary graphcuts),where
8�


ð��

is the numberof possibledisparities.Having marginalizedover disparities,we areleft with just threelabelswhich
is a substantialsaving. In addition,the ternaryexpansionmove algorithmcanbe implementedpracticallyat a cost
of a singlegraphcomputationby taking advantageof the structureof our problem.

First, we have observed that resultsafter one iteration of the expansionmove algorithm are very closeto the
resultsachievedat convergence.This is not surprisingconsideringthatthenumberof labelsis small.Therefore,only
oneiteration,involving two graphcut computations,is needed.We initialize the segmentationwith

P‹
���í

for all
pixelsandthenrun F-expansionandO-expansion(see�g. 9). Second,in theO-expansionoperationit suf�ces to add
nodesonly for a small fraction of all pixels. Indeed,due to the geometricconstraintsO-expansioncannotchange
pixels in scanlinesthat do not containB-F type transitions.Furthemore,it happensthat the segmentationboundary
foundafterF-expansionnormally lies in therealoccludedregion locatedto the left of foregroundobject.Therefore,
it is reasonableto performO-expansionoperationonly for pixelswithin distance

8h

ð��

from B-F transitions(�g. 9b).

Resultsof segmentationusingLGC andLDP aregiven in the next section.

V. RESULTS

Performanceof theLGC andLDP algorithmswasevaluatedwith respectto ground-truthsegmentationson every
�fth frame(left view) in eachof two test stereosequences3. The datawas labelledmanually, labelling eachpixel
asbackground,foregroundor unknown. The unknown label wasusedto mark mixed pixels occurringalonglayer
boundaries.Error is thenmeasuredaspercentageof misclassi�edpixels, ignoring “unknown” pixels.

Prior parameters for LDP: Prior parametersfor LDP are set as in sectionIII-A, equations(17) and (18),
with the samevaluesfor foregroundandbackgroundparameters,i.e.

ç

À

and
ç

Á

etc.. Regionswidths in equations
(18) and(17) areset to ë

è’�¥)��

pixels and ë

}

�¥)��K�

pixels, andtypical valuesfor objectdistanceandbaseline
are

ì(�c)��K�K�

mm and
í ���°�

mm.

A. Determinationof LGC parameters and their sensitivity

The �rst set of experiments,with the LGC algorithm, are shown in �gure 10. Parameters
�¦f

, � ,
Ç

and
Í

are
varied,one at a time, aroundtheir default values

�'fH�c��� ���

, �

�

� ,
ÇÄ�c��� �

and
Í��Ž)

. Resultsare summarised
for eachparameterin turn.

Lik elihood offset parameter
�:f

, introducedin sectionII-C, gives low error ratesover a range
���

�

�¼¯

�‡f&¯„��� ���

. Note that
�ZfA� ���

�

�

is the valueobtainedgeneratively, i.e. from likelihood �tting in section

3Groundtruth segmentationdatais publicly available [1].
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Fig. 10. Effect of valuesof LGC parameters šA¡ , � , � and � on segmentationerror rate,for eachof 6 test-datasets— see
text for detaileddiscussion.The default valueof eachparameteris indicatedby an arrow on the abscissaaxis.

II-C. The value
�Zf'�Ž��� ���

is very slightly superiordiscriminatively — i.e. it gives lower error rate in
�gure 10.
Coherenceconstant � for LGC, de�ned in sectionIV, giveslow error ratesfor �

¯

�

¯æ§

. Notably this
is far smallerthanthe optimalvalue ���

�

�

for segmentationusingcolour/contrastonly [27]. Presumably
thepresenceof theadditionalcuefrom stereoto someextent takesover the role of coherence.Thedefault
value,from equation(26) in sectionIV, andtaking ë

è’�¥)��

pixelsand ë

}

�¥)��K�

pixelsasbefore,gives
�

�„§h�Ð)

which is entirely consistentwith the experimentalresults.
Colour discount constant

Ç

, de�ned in sectionII-D equation(9), givesbesterror ratesaround
Ç.����� �

.
Without a discount(

Ç¼�Ž)

) error ratesare appreciablyhigher, and this con�rms the needfor a discount
to modify the generative assumptionof independenceof colour at neighbouringpixels.
Contrast parameter

Í

, de�ned in sectionII-E, equation(11) to impose�gural continuity, hasa mild effect
on error rate performance.Our default

ÍZ� )

performsa little better than either removing the contrast
term altogether(

ÍV���

), or settingit at full strength(
Íˆ���

) asdonein GrabCut [27].
In all four cases,error rateperformanceis seento be quite robust asparametersvary aroundtheir default values.

Pixelwisebackground model: We further experimentedwith an extensionto the backgroundmodel of section
II-D, mixing in a probabilitydensitylearned,for eachpixel, by pixelwisebackgroundmaintenance[28], [30], [32].
The learnedpixelwise densitiesa

#

F

"	#KJ

are typically strongly peaked, and hencevery informative, but sensitive
to movementin the background.That sensitivity is robusti�ed by adding in the generalbackgrounddistribution

a�Á

F

"	#KJ

asthecontaminationcomponentin themixture.However, rathersurprisingly, experimentsshowednegligible
improvementfrom theextendedbackgroundmodel,presumablybecauseof thestrengthof theothercues.A density
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equallyweightedbetweena

#

F

"	#KJ

and a�Á

F

"	#KJ

decreasederror ratesby just
��� ���

–
��� �

% acrossthe 6 datasetstested
(seesectionV), comparedwith using aRÁ

F

"	#KJ

alone.Note however that using the pixelwise a

#

F

"	#�J

alone,without
any a�Á

F

"	#�J

component,increasederror ratesby a disastrous
��� �

= �

�Ð)

%.

B. Error rate reductiondueto fusionof stereo/colour/contrast

Segmentationperformancefor the various stereotest-sequences,including the AC sequenceof �g.1 and � ve
others,is comparedfor colour/contrast,for stereoalone,andfor colour/contrastwith stereofusedtogether(�g. 11).
The colour/contrastalgorithmhereis simply LGC in which the stereocomponentis switchedoff. The stereo-only
algorithm is 4-stateDP as in sectionIII-A. Fusionof colour/contrastandstereoby the LGC andLDP algorithms
both show similarly enhancedperformancecomparedwith colour/contrastor stereoalone.The six test sequences
include one with two subjectsin the foreground (IU-JW ) and anotherwith peoplemoving in the background
(IU ). Even in thosedif�cult cases,the power of fusing colour/contrastandstereois immediatelyapparent.In fact,
the error ratesshown for colour/contrastaloneare even optimistic, in that colour mapsare trained from ground
truth segmentationswhereaspracticallythey would have to be trainedadaptively from the imperfectsegmentations
obtainedonline.Note thatwhile LDP andLGC conclusively achieve betterperformancethaneithercolour/contrast
or stereoalone,neitherof LDP or LGC performsconclusively betterthan the other. An exampleof a segmented
image from the AC sequenceis shown in �g. 12 togetherwith the spatial distribution of segmentationerrors:
the errors tend to clusterclosely aroundobject boundaries.Finally �gure 13 shows two resultscorrespondingto
high error ratesin the test dataof �gure 11. The �rst (VK) ariseswherethe subjectshandapproachesthe frame
of the image where stereono longer operatesbecauseof occlusionby the image frame. The second(IU-JW ),
moreinteresting,shows slightly over-agressive actionof the coherenceconstraintmomentarilygluing two subjects
together.

Background substitution in sequences.:Finally, �gs. 14-16 demonstratethe application of segmentationto
backgroundreplacementin video sequences(further results are available at [1]). Backgroundsubstitution in
sequencesis challengingas the humaneye is very sensitive to �ick er artefacts.Following foreground/background
segmentation,� -matting hasbeencomputedby bordermatting [27] as a post-process,thoughpatchbasedpriors
could alternatively be used[19], [14]. The LGC algorithm gives good results,with blendedboundariesand little
visible �ick er; LDP (not shown) givesvery similar looking results.

VI. CONCLUSION

This paperhasaddressedthe importantproblemof segmentingstereosequences.Disparity-basedsegmentation
and colour/contrast-basedsegmentationaloneare proneto failure. We have demonstratedpropertiesof the LDP
andLGC algorithmsandunderlyingmodelas follows.

! LDP andLGC arealgorithmscapableof fusing the two kindsof information,togetherwith a coherenceprior,
with a substantialconsequentimprovementin segmentationaccuracy.

! Fusionof stereowith colour and contrastcanbe capturedin a probabilisticmodel, in which parameterscan
mostly be learned,or areotherwisestable.

! Fusionof stereowith colourandcontrastmakesfor morepowerful segmentationthanfor stereoor colour/contrast
alone.

! Good quality segmentationof temporalsequences(stereo)can be achieved, without imposing any explicit
temporalconsistency betweenneighbouringframes.The subjective effect of temporalartefacts is visible but
not too obtrusive — seeresultsmovies [1]. Temporalartefactsin stereocanbe alleviatedby explicit temporal
modellingand inference[34], but currently this is too expensive computationallyfor a real time system.

Given that the segmentationaccuraciesof LDP andLGC are comparable,what is to choosebetweenthem?In
fact the choicemay dependon architecture:the stereocomponentof LGC canbe done,in principle,on a graphics
co-processor, includingthemarginalisationover disparities.In LDP however, althoughstereo-matchscorescouldbe
computedwith the graphicscoprocessor, communicatingthe entirecostarray |

}

#

F

P�#<��8<#�J

to the generalprocessor
is beyond the bandwidthlimitations of currentGPU designs.On the other handLDP is economicalin memory
usage,in that it canproceedscanlineby scanline.Both the LDP andthe LGC algorithmsarecapableof real time
operationon a conventionalprocessor. Fast implementationsof DP techniquesarewell known [13], [16]. Ternary
graphcut hasbeenapplied,in our laboratory, at around1.5 M-pixels/secondon a 3GHzPentiumdesktopmachine.
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Therearesomeotherimportantdifferencesbetweenthealgorithms.First, the LDP algorithmproducesthe entire
stereodisparitymapasa bi-productof segmentation,whereasLGC delivers the segmentationalone.This favours
LDP in applicationssuchascyclopeanview generation,for which the full disparitymap is neededin addition to
the occlusionmap. Another interestingdifferenceis that where the constraint�gural continuity, capturedby the
contrastterm of sectionII-E, makes only a marginal differenceto LGC performance(�gure 10), it profoundly
improves the performanceof LDP (detailsof experimentsomitted).This may be becauseDynamic Programming
dealsindependentlywith eachepipolarline, andthe �gural continuity constraintof [10] overcomesthat limitation
by providing an indirect but effective linkagebetweennearbyepipolarlines.
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Fig. 11. Segmentation performance advantage fr om fusion. Segmentationerror (percentageof misclassi�ed pixels) is
computedon all six sequences,frameby frame,for LDP, LGC, colour only andstereoonly. Error barsarealsoshown, on the
right of eachplot, for temporalmeanandstandarderror. Note that fusedstereoandcolour/contrast(LGC andLDP) perform
substantiallybetterthaneitherstereoor colour/contrastalone.
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LDP LGC

Fig. 12. Extracted foreground layer (top) for the left view of sequenceAC, frame 100, for LGC and LDP. Segmentation
error maps(bottom).

subjectVK frame61 subjectIU-JW frame31

Fig. 13. LGC Segmentationerror illustrations. We show heretwo resultscorrespondingto high error ratesin the testdata
of �gure 11. Segmentedforegroundis shown highlighted.

LGC, frame0 LGC, frame100

Fig. 14. Segmentationand background substitution. Here we show backgroundsubstitution(using LGC) for two frames
of the sequenceAC.
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Fig. 15. Segmentationwith non-stationary background. (Top) Four framesof the input left sequencesequenceIU (right
frame not shown here). (Bottom) CorrespondingLGC segmentationand backgroundsubstitution.LDP performssimilarly.
Note the robustnessof the segmentationto motion in the original background.

Fig. 16. Non-stationary background with more complex foreground. A �nal exampleof segmentationand background
substitution(testsequenceS3). (Top) Input left images.A third personis moving in the original background.(Bottom) LGC
background-substitution.


