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ABSTRACT

This paper describesmodelsand algorithms for the real-
time segmentationof foreground from background layers in
stereo video sequences.Automaticseparation of layers from
color/contrast or from stereo alone is known to be error-
prone. Here, color, contrast and stereo matching informa-
tion are fusedto infer layers accurately and ef�ciently. The
�r st algorithm,LayeredDynamicProgramming(LDP), solves
stereo in an extended6-statespacethat representsboth fore-
ground/background layers and occludedregions. The stereo-
match likelihood is then fusedwith a contrast-sensitivecolor
model that is learned on the �y , and stereo disparities are
obtained by dynamic programming. The secondalgorithm,
Layered Graph Cut (LGC), does not directly solve stereo.
Insteadthe stereo match likelihood is marginalizedover dis-
parities to evaluate foreground and background hypotheses,
and then fusedwith a contrast-sensitivecolor model like the
oneusedin LDP. Segmentationis solvedef�ciently by ternary
graph cut.

Both algorithmsare evaluatedwith respectto groundtruth
data and found to have similar performance, substantially
better than either stereo or color/contrast alone. However,
their characteristicswith respectto computationalef�ciency
are rather different. The algorithmsare demonstrated in the
applicationof backgroundsubstitutionandshownto givegood
quality compositevideooutput.

I . INTRODUCTION

Thispaperaddressestheproblemof separatinga foreground
layer, from stereovideo, as in �gure 1, in real time. The
assumptionis that the visible scenecanbe expressedas two,
spatially coherentlayers,one a “foreground” layer masking
the other “background” layer. A prime application is for
teleconferencingin which theuseof a stereowebcamalready
makespossiblevarioustransformationsof thevideostream,in-
cludingdigital pan/zoom/tiltandobjectinsertion[1]. Herewe
concentrateonproviding theinfrastructurefor livebackground
substitution.This demandsforegroundlayerseparationto near
ComputerGraphicsquality, including� -channeldetermination
as in video-matting [2], but with computationalef�ciency
suf�cient to attain live streamingspeed.

Layer extraction from imageshaslong beenan active area
of research[3], [4], [5], [6], [7]. The challengeaddressed
here is to segment the foregroundlayer both accuratelyand
ef�ciently . Conventional stereoalgorithmse.g. [8], [9] have
proven competentat computingdepth.Stereoocclusionis a
further cue that needsto be accuratelycomputed[10], [11],
[12], [13], [14] to achieve good layer extraction. However,

the strengthof stereocuesdegradesover low-texture regions
suchas blank walls, sky or saturatedimage areas.Recently
interactive color/contrast-basedsegmentationtechniqueshave
been demonstratedto be very effective [15], [16], even in
the absenceof texture. Segmentationbasedon color/contrast
aloneis nonethelessbeyond the capabilityof fully automatic
methods.This suggestsa robust approachthat exploits fusion
of a varietyof cues.Herewe proposea modelandalgorithms
for fusion of stereowith color and contrast,and a prior for
intra-layerspatialcoherence.

Theef�ciency requirementsof live backgroundsubstitution
have restrictedus to algorithmsthat areknown to be capable
of near frame-rateoperation,speci�cally dynamic program-
ming and graphcut [15], [17]. Thereforetwo approachesto
segmentationare proposedhere:LayeredDynamic Program-
ming (LDP) and LayeredGraphCut (LGC). Eachworks by
fusing likelihoodsfor stereo-matching,color and contrastto
achievesegmentationquality unattainablefrom eitherstereoor
color/contraston theirown (see�gure 2). Thisclaim is veri�ed
by evaluation on stereovideos with respectto ground truth
(sectionVI). Finally, ef�cient post-processingfor matting[18]
is appliedto obtain good video quality as illustratedin stills
in this paper, andcompanionvideos[1].

The paperis organizedasfollows. In sectionsII andIII we
describethe commoncomponentsof the probabilisticmodels
for LDP and LGC. In sectionsIV and V we describeLDP
and LGC algorithms,respectively. Experimentalresultsand
conclusionsarepresentedin sectionsVI andVII.

I I . PROBABIL ISTIC MODELS FOR BI-LAYER

SEGMENTATION OF STEREO IMAGES

First we outline the probabilisticstructureof the stereoand
color/contrastmodels.

A. Notation

Pixels in the recti�ed left and right imagesare indexed by
m andn respectively, so the imagesaredenoted

L = f L m ; m = 1; : : : ; N g; R = f Rn ; n = 1; : : : ; N g:

We refer jointly to thedataasz = (L ; R ). In additionanarray
x of statevariablesis de�ned, eitherin left-imagecoordinates
x = f xm g, or, in cyclopeancoordinates,as x = f xk g, and
takesvaluesxk 2 f F; B; Og accordingto whetherthepixel is
a foregroundmatch,a backgroundmatchor occluded.Stereo
disparity is de�ned to be d = m � n andthe disparityvalues
along one epipolar line are expressedas d = f dk ; k =
1; : : : ; 2N � 1g. Note this meansthat

m =
(k + dk )

2
and n =

(k � dk )
2

; (1)
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input left view input right view automaticlayer separation and backgroundsubstitution

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.

a) b) c) d)

Fig. 2. Segmentationby fusing color, contrast and stereo. Resultsof threedifferent segmentationalgorithmsrun on two
differentstereo-pairs(see[1] for moreexamples).a) data(left image);b) Segmentationbasedon stereo[13]; c) Segmentation
basedon color/contrast[16]; d) The LGC algorithmproposedherefusescolor, contrastandstereoto achieve a moreaccurate
segmentation.The foregroundartefactsvisible in b) andc) arecorrectedin d).

so that k; d forms an alternative cyclopeancoordinatesystem
for the spaceof epipolarmatches,which is well known to be
helpful for probabilisticmodelingof stereomatching[11]. For
good reasons(seelater) the two algorithmspresentedin this
paperare eachbasedon different imagecoordinatesystems,
oneon cyclopeancoordinates(k; d), the otheron left image-
basedcoordinates(m; d).

Thissetsupthenotationfor acompletematchof two images
asthecombinedvector(d; x) of disparitiesandstates.Now a
posteriordistribution over (d; x), conditionedon imagedata,
canbe de�ned.

B. Generative model

A Gibbs energy E(z; d; x; � ) is de�ned to specify the
posteriorover the inferred sequence(d; x), given the image
dataz, as:

p(x; d j z) / exp� E(z; d; x; � ): (2)

Here � is a vector of parametersfor the model, which
will need to be set according to their relation to physical
quantitiesin thestereoproblem,andby learningfrom labeled
data.The posteriorcould be globally maximisedto obtain a
segmentationx andalsostereodisparitiesd. In this paper, the

aim is simply to computea segmentation,in which casethe
posterior should, in principle, be marginalisedwith respect
to d, and then maximisedwith respectto x to estimatea
segmentation

x̂ = argmax
x

X

d

p(x; d j z): (3)

The model (2) can be regardedsimply as a Conditional
RandomField (CRF) [19], without any generative explana-
tion/decompositionin terms of priors over (x; d) and data
likelihoods.However, simpler forms of the model do admit
a generative decomposition,and this is very helpful also in
motivating the structureof a fuller CRF model that is not so
naturally decomposed.One reasonablegenerative model has
a Gibbsenergy with the following decomposition:

E(z; x; d; � ) = V (x; d; � ) + UM (z; x; d; � ) + UC (z j x; � );
(4)

in which the role of eachof the threetermsis as follows.
Prior:: an MRF prior for (x; d) hasan energy speci�ed

asa sumof unaryandpairwisepotentials:

V (x; d; � ) =
X

(k ;k 0)2N

[F (xk ; xk 0; � dk ; � dk 0)]+
X

k

Gk (xk ; dk );

(5)
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where� d is the disparity gradientalong epipolarlines, that
is

� dk = dk � dk � 1: (6)

Typically, F (: : :) discouragesexcessive disparity gradient
within matchedregions.Pixel pairs (k; k0) 2 N are the ones
thataredeemedto be neighbouringin thepixel grid. The �rst
componentF (: : :) of the prior Gibbsenergy V in (5) should
incorporatean Ising componentthat favourscoherencein the
segmentationvariablesxk ; xk 0. It shouldalsofavourcontinuity
of disparity over matchedregions, and do so anisotropically
— more strongly along epipolar lines than acrossthem.The
Gk (: : :) term implements“disparity-pull”, the tendency of
foregroundelementsto have higherdisparitythanbackground
ones.The speci�c form of Gk (: : :) canbe setby taking

Gk (xk ; dk ) = � logp(dk j xk ); (7)

and determiningthe conditionaldensityp(dk j xk ) from the
observedstatisticsof somelabelleddata.Variousmodelscould
be usedhere,but in our experimentsa simple, constantdis-
parity, separatingsurfaceis used,so that d > d0 characterises
foreground,with uniformdistributionsfor p(dk j xk ) overeach
of the possiblestatesx 2 f F; B; Og.

Stereo lik elihood: , representedby the UM term,evalu-
atesthestereo-matchevidencein thedataz, bothto distinguish
occlusion(xk = O) from full visibility (xk 2 f F; Bg) and,
given visibility, to determinedisparitydk .

Color lik elihood: , representedby the UC term, uses
probability densities in colour space,one density for the
backgroundandanotherfor the foreground,to applyevidence
from pixel colour to the segmentationxk of eachpixel.

C. Contrast dependence

One further elaboration,due to Boykov and Jolly [15], in-
corporatesthe evidencefrom imagecontrastfor segmentation
— seealso“line processes”[20], “weak constraints”[21] and
“anisotropic diffusion” [22]. It proves important in re�ning
segmentationquality, at the cost of obscuringsomewhat the
cleargenerative distinctionbetweenprior andlikelihood[23].
The Ising componentF in (5) is madecontrastdependent,
disabling the penalty for breakingcoherencein x wherever
image contrastis high. Segmentationboundariestend, as a
result,to alignwith contoursof highcontrast.TheMRF model
(4) is extendedin this way to a CRF

E(z; x; d; � ) = V (z; x; d; � ) + UM (z; x; d; � ) + UC (z j x; � );
(8)

in which dependenceon dataz is now incorporatedin to the
V (: : :) term.

D. Tractability of inferenceand learning

The statedinferenceproblem (3) for segmentation,is in-
tractablewith the Gibbs energy model (8) above. A related
problem,

x̂ = argmax
x

�
max

d
p(x; d j z)

�
; (9)

while not formally tractable,could be regardedas tractable
in practice becauseit can be solved approximatelyby the

� -expansionform of graph-cut[17], over the variablesx; d
jointly (provided the energy function E is chosento meet
thenecessaryregularity conditions).The approximation(9) to
the original problemis likely to be a good one, becausethe
posteriordensityis likely to besharplypeakedwith respectto
d, since stereoconstraintson disparity are typically strong.
However � -expansion over (x; d) jointly would be rather
inef�cient, at least an order of magnitudebelow real-time,
for currentarchitectures.This paperproposestwo approaches
to simplifying the Gibbsenergy model, to make inferenceof
segmentationx practically tractableandef�cient.

LDP. In Layered Dynamic Programming,all ver-
tical cliques in V (5) are removed, resulting in a
posteriordensityconsistingsimply of a set of one-
dimensionalHidden Markov Models (HMMs), one
HMM along each epipolar line. For the disparity-
gradientdependencein V , this meansretainingthe
strongepipolarconstraints,but omitting �gural con-
tinuity constraints,which are weaker. For the seg-
mentationcoherenceencouragedby V , constraints
can be imposedonly horizontally, and the vertical
constraintis lost. Nonethelessthereis someimplicit
transferof information vertically via the overlap of
the patchesusedin the stereomatchlikelihood(see
section III-A and also [14]). In exchangefor the
lost vertical constraint, the max-max (9) form of
the problem becomesexactly tractableby dynamic
programming.Not only that, but becausethe prior
energy V hasbecomea Markov chain,theparameter
learningproblemalsobecomestractable.
LGC. In LayeredGraphCut, the prior term F (: : :)
in (5) is madeindependentof disparity d. Now the
posteriordensitycanbe marginalisedexactly over d
in theoriginal inferenceproblem(3). Marginalization
givestheposteriordensityp(x j z) for segmentation
only, which canbe maximisedby ternarygraph-cut,
using � -expansion.Parameterlearninghasnot been
madetractable,but someguidancecomesfrom priors
andlikelihoodsestimatedfor LDP, transplanted(and
simpli�ed) to the LGC model.

In summary, we have two approximatemodelsfor theoriginal
problem.One,LDP, hastheadvantageof practicaltractability
not only for inferencebut also for parameterlearning.It has
the disadvantagethough that vertical constraintshave been
neglected.On the otherhandLGC retainsvertical constraints
at least for segmentation,but neglects all direct constraints
on continuity of disparity. It has the advantageof solving
the original max-sumform of the inferenceproblem, rather
thanjust themax-maxapproximation,but thedisavantagethat
parameterestimationremainsintractable.

I I I . PROBABIL ISTIC MODELLING OF STEREO, COLOUR

AND CONTRAST

In this sectionwe describethe likelihoodfunctionsfor each
type of image cue, which are then combinedin the model,
giving the effect of cuefusion in inference.
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A. Likelihoodfor stereo

The stereo-matchingenergy UM (z; x; d; � ) from (8) is
modelledasa sumover pixels

UM (z; x; d) =
X

k

UM
k (z; xk ; dk ) (10)

whereeachUM
k is thecostassociatedwith thestereomatchat

pixel k. Commonly[24] stereomatchesarescoredusingSSD
(sum-squareddifference),that is the L2-norm of difference
betweenimagepatchesL P

m ; RP
n , surroundinghypothetically

matchedpixels m; n. Following [13] we model UM
k in terms

of SSD but with additive and multiplicative normalization
for robustnessto non-Lambertianeffects and photometric
calibrationerror. This is termedNSSD— normalizedSSD:

UM
k (z; xk ; dk ) =

�
M (L P

m ; RP
n ) if xk 2 f F; Bg

0 if xk = O;
(11)

where M = � (N � N0) with � , N0 being constants,and
m; n = (k � dk )=2 the left andright imageindices,asbefore
(1). The NSSDN is:

N (L P ; RP ) =
1
2

k(L P � L P ) � (RP � RP )k2

kL P � L Pk2 + kRP � RPk2
2 [0; 1];

(12)
in which RP denotesthe meanvalueover the patchRP . The
constantN0 canbethoughtof asa penaltyfor failureto match.
Furtherdetailsof modellingandparameterestimationfor the
stereolikelihood are given in appendixA., and this leadsto
statisticalestimatorsfor the constants� andN0.

B. Likelihoodfor color

Following previous approachesto two-layer segmentation
[15], [16] we model likelihoodsfor color in foregroundand
backgroundusing Gaussianmixtures in RGB color space,
learned from image frames, labeled (automatically), from
earlier in the sequence.The foreground color model pF (z)
is simply a spatially global Gaussianmixture learnedfrom
foreground pixels, and similarly for the backgroundmodel
pB (z). The combinedcolor model is thengiven by an energy
UC

k :

UC
k (zk ; xk ) = (13)

�
� logpF (zk ) if xk = F
� logpB (zk ) if xk = B or x = O

Learning of the global foreground and backgroundcolor
models pF and pB proceedsas follows. Each is a mixture
of NC = 20 full covarianceGaussiancomponentsin RGB
color-space,and is learned,at eachvideo timestep,using 10
iterations of EM [25], initialized from the mixture in the
previous frame.The datais taken from the previous timestep,
labeled as foreground/background from the output of the
segmentationprocess.In the caseof LGC, the algorithmwill
be de�ned with respectto one(the left) imageonly, so color
modelsarebuilt from that oneimage.In the caseof the LDP
algorithm, modelsare maintainedindependentlyfor eachof
the left and right images.The total energy for color is taken
as:

UC (z; x; � ) = �
X

k

UC
k (zk ; xk ) (14)

wherethe color discountconstant� (typical value � = 1=2)
is included to tune the balanceof in�uence between the
stereomodelandthecolor model.In principle, thegenerative
derivation of the energiesshouldhave balancedthemalready.
In practice,the pixelwise independenceassumptionsbuilt in
to the color model renderthe in�uence of color excessively
strong,and choosinga value � < 1 discountsfor that. Color
models are initialized at time t = 0, by setting � = 0,
estimatingsegmentationwithout using color, and using the
labelled segments to learn the foreground and background
color modelsfor t = 0. Notethatfor working in thecyclopean
frame,separateforegroundandbackgroundcolor modelsare
maintainedfor eachof the left andright images.

C. Contrast dependence

To implementthe contrastdependencedescribedabove, a
soft switch for the Ising penalty is de�ned, replacingF (: : :)
in (5) by

F (xk ; xk 0; � dk ; � dk 0; V �
k ;k 0); (15)

where V �
k ;k 0 is the soft contrastswitch applying acrosssites

k; k0:

V �
k ;k 0 =

1
1 + �

�
� + exp�

kgk � gk 0k2

2� 2dk ;k 0
2

�
: (16)

Here g is the image-data,Gaussiansmoothedat a scale
of 0:7 pixels and with componentsgk at each pixel; dk ;k 0

is the Euclidean distancebetweenpixels k; k0 and � 2 =

kgk � gk 0k2=dk ;k 0

2�
, a meancontrastover all neighboring

pairsof imagepixels. The factorV �
k ;k 0 actsasa soft contrast

switch,andis typically allowedto multiply certainof thecosts
in F (: : :), sothatbuilt-in tendenciesto coherenceareabatedin
thepresenceof high contrast.Detailsaregivenin thenext two
sections.[The constant� is a “dilution” constantfor contrast,
empirically found to be bestset to � = 1.]

To summarise,the �nal CRF model is as in (8), with

V(z; x; d; � ) = (17)
X

(k ;k 0)2N

F (xk ; xk 0; � dk ; � dk 0; V �
k ;k 0) +

X

k

Gk (xk ; dk );

incorporatingthe contrastsensitivity, via V � , as required.

D. Choiceof image coordinate frame

Finally, we promisedat the start to commenton the choice
of coordinateframe,cyclopeanfor LDP andleft for LGC. The
reasonis thatcyclopeanis intrinsically preferable,not only for
reasonsof symmetryandelegance,but alsobecauseocclusions
occur on both sides of a foreground object (not just one
side,aswith left imagecoordinates),andthis givesadditional
constraintfor segmentingthe foreground. In LGC however,
thecyclopeanimageis not accessiblebecausemarginalisation
hides the disparities.Thus image contrast,for the contrast-
sensitivity term, has to be computedfrom a physical image,
eg the left.
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Fig. 3. Stereo match-space.Notationconventionsfor left and
right epipolar lines with pixel coordinatesm; n, cyclopean
coordinatesk and stereodisparity d = m � n. Hypothetical
matchingpathshown dashed(cf. [11], [9]).

IV. LAYERED DYNAMIC PROGRAMMING (LDP)

Themodelusedin LDP, asmentionedearlier, is thegeneral
stereoCRF model (8) with energy E(z; x; d; � ) from section
II, but with all vertical constraintsremoved. All optimiza-
tion therefore takes place independently, within individual
scanlines.In this one-dimensionalsituation,the Gibbsenergy
speci�cation is equivalent to specifying a Hidden Markov
Model (HMM) on (x; d) along eachscanline.As usual for
an HMM, the prior energy V (here also switchedsoftly by
contrast)is expressedas a Markov chain over xk ; dk given
xk � 1; dk � 1. Observation likelihoods,UM for stereoand UC

for colour, areexpressedasemissioncosts,as is standardfor
an HMM. In this sectionwe �rst set out the notationfor the
HMM on a scanline,andthengive detailsof how the various
energiesare representedin the model,all �nally summarised
in a state-transitiondiagramfor the HMM.

A. Optimal matching path along a scanline

Left pixels L m andright pixels Rn , on a given scanlineof
lengthNS pixels,areorderedby any particularmatchingpath
(�gure 3), giving 2N cyclopeanpixels

z = f zk ; k = 1; : : : ; 2NSg;

where k = m + n. The k-axis is the so-calledcyclopean1

coordinateaxis. Conventionally in DP stereomatching the
“orderingconstraint”[26], [8] is imposed,andthis meansthat
eachmove in �gure 3 is allowed only in the positive (North-
to-East)quadrantof the diagram.Stereodisparity along the
cyclopeanepipolar line is d = f dk ; k = 1; : : : ; 2NS � 1g
wheredk = m � n.

Stepwiserestriction for LDP: Previous matchingalgo-
rithms, e.g. [9], [27], have allowed multiple and/or diago-
nal moves on the stereomatching paths (�g 3). Here the
problemdiffers signi�cantly. In [9], [27] diagonalmovesare

1cyclopeanheremeansmid-way betweenleft and right input cameras.

always matched,and horizontal/vertical onesare unmatched.
However the natureof the stereomatchingproblemdemands
that horizontal/vertical moves should come both in matched
andunmatchedforms.(Matchedhorizontal/verticalmovesare
neededto representthe deviation of a visible surface from
fronto-parallel).This raisesa consistency requirementbetween
matchedmove types: a path consisting of a sequenceof
diagonalmovesis exactly equivalent to a correspondingpath
in which horizontalandvertical movesalternatestrictly. The
probabilitiesof the two pathsshould thereforebe identical.
This is most easily achieved simply by outlawing explicit,
diagonalmatchedmoves,forcing themto beexpressedinstead
as a horizontal/vertical pair. This restriction, illustrated in
�gure 3, ensuresa consistentprobabilistic interpretationof
the sequencematching problem. Furthermore,the stepwise
restrictionhasthe addedvirtue that eachelementL m andRn

is “explained”onceandonly once.This is becauseahorizontal
stepin �gure 3 visits a new L m , which is thereby“explained”
but stayswith the old Rn . Conversely, a vertical stepvisits a
new Rn . ThuseachL m andeachRn appearsonceandonly
once as a zk in a p(zk j : : :) term, in the joint likelihoodQ

k p(zk j xk ; dk ; z1; : : : ; zk � 1) for the scanline.This makes
for a consistentde�nition of the likelihood.

B. LDP: stereo with occlusionand layers

The three possiblestatesxk 2 f F; B; Og are doubledup,
for convenience,to re�ect the existence of left and right
variants, respectively the horizontal and vertical moves in
�gure 3. This gives a total of 6 possiblestates:xk 2 f L-
match-F, R-match-F, L-match-B, R-match-B,L-occ, R-occg.
The HMM for the Gibbsmodel is then re�ected in the state-
spacediagram of �gure 4, which representsMarkov chain
transitionsk � 1 ! k, in termsof costs(ie energy increments)
on arcs,and thesecapturethe contrast-modi�edprior energy
V . Observationlikelihoodenergiesarerepresentedby thecosts
UM

k and UC
k on nodes.[Note that left-occluding and right-

occludingstatescannotdirectly intercommunicate,re�ecting
constraintsof stereogeometry.]

Prior and contrast: Transitionenergiesbetweenoccluding
and foregroundstatesrepresentthe componentF (: : :) of the
prior energy V (17), and incorporatethe soft contrastswitch
V � de�ned earlier (16). (In this cyclopeansetting,V � must
be computedfrom contrast in the left or the right image,
according to whether the state is left-foreground or right-
foreground.)

The model has a number of parameters
f aF ; aB ; aO ; bF ; bB ; bO ; cF ; cB g. It might seemproblematic
that so many parametersneedto be set,but in fact they can
be learnedfrom labeledtraining framesas follows:

bO = log(2WO ) bF = log(WF ) bB = log(WB ) (18)

where WO , WF and WB are the meanwidths of occluded,
foregroundandbackgroundregionsrespectively. This follows
simply from thefactthat2exp� b0 is theprobabilityof escape
from an occludedstate, and so on. Then considerationof
viewing geometrytogetherwith an assumptionabout typical
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Fig. 4. State spacefor foreground/background segmentation.The segmentationstatespacex k 2 f F; B; Og is doubledto
take accountof left andright variants;hencematchedandoccludedstatestogetherform a 6-statesystem.Note that from the
foregroundstates(yellow circles), only the right occludingstateis accessible,and from background(blue circles) only the
left occludingstate;this re�ects a simpli�cation of the model to exclude the possibility of foreground/foreground occlusion.
Match costsincorporatedisparity-pullandcontrasteffects— seetext for details.

slopesof visiblesurfaces(seeappendixB. for details)indicates
that:

aF = log(1 + D=B) � log(1 � 1=WF ); (19)

whereD is a nominaldistanceto objectsin the sceneandB
is the interoculardistance(camerabaseline),andsimilarly for
aB . Lastly, probabilisticnormalizationdemandsthat

aO = � log(1 � 2e� bO ); (20)

and that
cF = � log(1 � e� bF � e� aF ) (21)

andsimilarly for cB , andso all the parametersare �x ed.
Disparity-pull: The disparity-pull term Gk (: : :) in the

prior (17) is implementedin the transition-diagramas a cost
appliedat eachnode,asshown.

Stereo and color fusion: Likelihoodcostsfor stereoand
for color are UM

k and UC
k , asdescribedearlier in sectionIII.

They appearasnodalcostson the statetransitiondiagram.
The 6-stateHMM can be optimized straightforwardly by

dynamicprogrammingandthis givesa solutionto thealterna-
tive “max-max” estimationproblem(9) describedat the end
of sectionII. Resultsaregiven later in sectionVI.

V. LAYERED GRAPH CUT (LGC)

LayeredGraph Cut (LGC) determinessegmentationx as
the minimum of an energy function E(z; x; � ), in which
stereo disparity d does not appearexplicitly. The energy
function is de�ned from the CRF (8) for the full stereo
problemin sectionII, by marginalizingoverdisparity, to givea
posteriordistributionp(x j z). Segmentationbecomesaternary
optimizationproblem,over the threelabelsO; F; B on the x-
valuesat eachpixel, which canbe solved (approximately)by
iterative applicationof a binary graph-cutalgorithm — so-
called � -expansion[17].

As explained earlier, LGC is expressedin the coordinate
frame of one (e.g. left) image, rather than in the cyclopean
frame as in LDP. Henceimagerelatedvariablessuchas xm

carry the left imageindex m, ratherthanthecyclopeank used
earlier.

A. Marginalizedenergy

In orderfor themarginalizationto betractable,theenergy V
(17) is simpli�ed by neglectingexplicit disparitydependence
in F (: : :), that is, assumingthat:

F (xm ; xm 0; � dm ; � dm 0; V �
m;m 0) = F (xm ; xm 0; V �

m;m 0):
(22)

Now the marginalizedposterioris de�ned by its energy

E(z; x; � ) = V (z; x; � ) + H (z; x; � ) + UC (z; x; � ); (23)

where

V (z; x; � ) =
X

(m;m 0)2N

F (xm ; xm 0; V �
m;m 0) (24)

is derived from a simpli�ed prior, with addedsoft contrast
switching as earlier (15). The color likelihood UC is un-
changedfrom the earlier discussion,except now referred
entirely to the left image. Finally, the new term H in (23)
is a sumover pixels:

H (z; x) =
X

m

Hm (xm ) (25)

whereHm is de�ned by marginalizationover disparity to be:

Hm (xm ) = (26)

� log

"
X

dm

exp�
�

Gm (xm ; dm ) + UM
m (z; xm ; dm )

	
#

:

Note that, from (7) and (11), this de�nition hasthe property
that Hm is normalisedsuchthat H m (O) = 0.
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B. Coherenceand contrast

The coherence/contrastcosts(24) for the LGC model are
de�ned to be

F (xm ; xm 0; V �
m;m 0) = Fm;m 0V �

m;m 0 (27)

where again V �
m;m 0 is the soft contrastswitch. Anisotropic

coherencecostsFm;m 0 arede�ned asfollows. Cliquesconsist
of horizontal,vertical and diagonalneighborson the square
grid of pixels.For verticalanddiagonalcliquesFm;m 0 actsasa
switchtriggeredby transitionsin or outof theforegroundstate:
Fm;m 0[x; x0] = 
 if exactly one variablex; x0 equalsF, and
Fm;m 0[x; x0] = 0 otherwise.Horizontalcliques,alongepipolar
lines, inherit the same cost structure, except that certain
transitionsare disallowed on geometric (epipolar) grounds.
Theseconstraintsare imposedvia in�nite costpenalties:

Fm;m 0[x = F; x0 = O] = 1 ; Fm;m 0[x = O; x0 = B] = 1 :

The constant
 is broadly relatedto bF and bO in the LDP
model,so a reasonableworking value for 
 is


 =
1
2

(bF + bO ) = log(2
p

WF WO ); (28)

wherewidth parametersWF andWO werede�ned earlier(18).

C. Expansionmove algorithm

Currently, graph cut basedstereo algorithms techniques
suchas[15], [12] arenot suitedfor real-timeimplementation.
The main reasonis that they perform O(dmax ) � -expansion
operations(binary graphcuts),wheredmax is the numberof
possibledisparities.Having marginalizedover disparities,we
areleft with just threelabelswhich is a substantialsaving. In
addition,the ternaryexpansionmove algorithmcanbe imple-
mentedpracticallyat a costof a singlegraphcomputationby
taking advantageof the structureof our problem.

First, we have observed that resultsafter one iteration of
the expansionmove algorithm are very close to the results
achievedatconvergence.This is notsurprisingconsideringthat
the numberof labels is small. Therefore,only one iteration,
involving two graphcut computations,is needed.We initialize
the segmentationwith xm = B for all pixels and thenrun F-
expansionand O-expansion(see�gure 5). Second,in the O-
expansionoperationit suf�ces to add nodesonly for a small
fraction of all pixels. Indeed,dueto the geometricconstraints
O-expansioncannot changepixels in scanlinesthat do not
containB-F type transitions.Furthermore,it happensthat the
segmentationboundaryfound after F-expansionnormally lies
in the real occludedregion locatedto the left of foreground
object. Therefore, it is reasonableto perform O-expansion
operation only for pixels within distancedmax from B-F
transitions(�gure 5b).

Resultsof segmentationusing LGC and LDP are given in
the next section.

VI . RESULTS

Performanceof theLGC andLDP algorithmswasevaluated
with respectto ground-truthsegmentationson every �fth or

tenth frame(left view), in eachof six test stereosequences2.
The datawas labeledmanually, labelling eachpixel as back-
ground, foreground or unknown. The unknown label was
usedto mark mixed pixels occurringalong layer boundaries.
Error is then measuredas percentageof misclassi�edpixels,
ignoring “unknown” pixels.

Prior parameters for LDP: Prior parametersfor LDP
aresetasin sectionIV, equations(18) and(19),with thesame
valuesfor foregroundandbackgroundparameters,i.e. aF and
aB etc. Region widths in equations(19) and (18) are set to
WO = 10pixels and WF = WB = 100pixels, and typical
valuesfor objectdistanceandbaselineareD = 1000mm and
B = 50mm.

A. Determinationof LGC parameters and their sensitivity

Experimentsareshown hereon The�rst setof experiments,
with theLGC algorithm,areshown in �gure 6. ParametersN0,

 , � and� arevaried,oneat a time,aroundtheir default values
N0 = 0:35, 
 = 2, � = 0:5 and� = 1. Resultsaresummarized
for eachparameterin turn.

Lik elihood offset parameter N0, introduced in
section III-A, gives low error rates over a range
0:25 � N0 � 0:35. Note thatN0 = 0:25 is thevalue
obtainedgeneratively, i.e. from likelihood �tting in
sectionIII-A. The value N0 = 0:35 is very slightly
superiordiscriminatively — i.e. it gives lower error
rate in �gure 6.
Coherenceconstant 
 for LGC, de�ned in section
V, gives low error rates for 2 � 
 � 4. Notably
this is far smallerthanthe optimal value
 � 25 for
segmentationusingcolor/contrastonly [16]. Presum-
ably the presenceof the additionalcue from stereo
to some extent takes over the role of coherence.
The default value, from equation(28) in sectionV,
and taking WO = 10pixels and WM = 100pixels
as before, gives 
 = 3:8 which is satisfactorily
consistentwith the experimentalresults.
Color discount constant� , de�ned in section III-
B equation(14), gives besterror ratesaround� =
0:5. Without a discount (� = 1) error rates are
appreciablyhigher, and this con�rms the need for
a discount to modify the generative assumptionof
independenceof color at neighboringpixels.
Contrast parameter � , de�ned in section III-C,
equation (16) to impose �gural continuity, has a
mild effect on error rate performance.Our default
� = 1 performsa little better than either removing
the contrastterm altogether(� = 1 ), or settingit at
full strength(� = 0) asdonein GrabCut [16].

In all four cases,error rate performanceis seento be quite
robust asparametersvary aroundtheir default values.

Pixelwisebackgroundmodel: We furtherexperimentedwith
anextensionto thebackgroundmodelof sectionIII-B, mixing
in a probability densitylearned,for eachpixel, by pixelwise
backgroundmaintenance[28], [29], [30]. The learnedpix-
elwise densitiespB

k (zk ) are typically strongly peaked, and

2Groundtruth segmentationdatais publicly available [1].
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a) F-expansion b) O-expansionregion c) O-expansion

Fig. 5. One iteration of the expansionmove algorithm in LGC. Con�guration is initialized with xm = B 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.)
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Fig. 6. Effect of values of LGC parameters N0, 
 , � and � on segmentationerror rate, for eachof 6 test-datasets— see
text for detaileddiscussion.The default valueof eachparameteris indicatedby an arrow on the abscissaaxis.

hence very informative, but sensitive to movement in the
background.That sensitivity is robusti�ed by adding in the
generalbackgrounddistribution pB (zk ) as the contamination
componentin the mixture. However, rather surprisingly, ex-
perimentsshowed negligible improvementfrom the extended
backgroundmodel,presumablybecauseof the strengthof the
other cues.A densityequally weightedbetweenpB

k (zk ) and

pB (zk ) decreasederror ratesby just 0:03–0:3% acrossthe 6
datasetstested(seesectionVI), comparedwith usingpB (zk )
alone.Note however that using the pixelwise pB

k (zk ) alone,
without any pB (zk ) component,increasederror rates by a
disastrous0:5 � 8:1%. That is in additionto the disadvantage
that pixelwise backgroundmodels are sensitive to camera
shake.
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Fig. 7. Segmentationperformanceadvantagefr om fusion. Segmentationerror(percentageof misclassi�edpixels)is computed
on all six sequences,frameby frame,for LDP, LGC, color only andstereoonly. Error barsarealsoshown, on theright of each
plot, for temporalmeanand standarderror. Note that fusedstereoand color/contrast(LGC and LDP) perform substantially
betterthaneitherstereoor color/contrastalone.

B. Error rate reductiondueto fusionof stereo/color/contrast

Segmentation performance for the various stereo test-
sequences,including the AC sequenceof �gure 1 and � ve
others,is comparedfor color/contrast,for stereoalone,and
for color/contrastwith stereofused together(�gure 7). The

color/contrastalgorithm here is simply LGC in which the
stereocomponentis switchedoff. The stereo-onlyalgorithm
is 4-state DP [13]. Fusion of color/contrastand stereoby
the LGC and LDP algorithmsboth show similarly enhanced
performancecomparedwith color/contrastor stereo alone.
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LDP LGC

Fig. 8. Extracted foreground layer (top) for the left view of sequenceAC, frame100, for LGC andLDP. Segmentationerror
maps(bottom).

subjectVK frame60 subjectIU-JW frame30

Fig. 9. LGC Segmentationerror illustrations. We show heretwo resultscorrespondingto high error ratesin the testdataof
�gure 7. Segmentedforegroundis shown againsta grey background.

The six test sequencesinclude one with two subjectsin the
foreground(IU-JW ) and anotherwith peoplemoving in the
background(IU ). Even in those dif�cult cases,the power
of fusing color/contrastand stereois immediatelyapparent.
In fact, the error rates shown for color/contrastalone are
even optimistic, in that color mapsare trained from ground
truth segmentationswhereaspracticallythey would have to be
trainedadaptively from the imperfectsegmentationsobtained
online. Note that while LDP and LGC conclusively achieve
betterperformancethan either color/contrastor stereoalone,
neitherof LDP or LGC performsconclusively betterthanthe
other. An exampleof asegmentedimagefrom theACsequence
is shown in �gure 8 together with the spatial distribution
of segmentation errors: the errors tend to cluster closely
aroundobject boundaries.Finally �gure 9 shows two results
correspondingto high error rates in the test data of �gure
7. The �rst (VK) aparentlyariseswhere the subjectshand

saturatesthe intensityrangeof oneof the cameras,disturbing
the stereomatching.The second(IU-JW ), more interesting,
shows slightly over-aggressive action of the coherencecon-
straintmomentarilygluing two subjectstogether.

Backgroundsubstitutionin sequences.:Finally, �gs. 10-12
demonstratethe application of segmentationto background
replacementin video sequences(further resultsare available
at [1]). Backgroundsubstitutionin sequencesis challengingas
the humaneye is very sensitive to �ick er artefacts.Following
practice in foreground/background segmentation,� -matting
has beencomputedby border matting [16] as a (real time)
post-process,though patch basedpriors can alternatively be
used[31], [18]. The LGC algorithm givesgood results,with
blendedboundariesand little visible �ick er [1, Background
substitutiondemo];LDP givessubjectively similar results.
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LGC, frame0 LGC, frame100

Fig. 10. Segmentationand background substitution. Herewe show backgroundsubstitution(usingLGC) for two framesof
the sequenceAC.

Fig. 11. Segmentation with non-stationary background. (Top) Four framesof the input left sequenceIU (right frame
not shown here).(Bottom) CorrespondingLGC segmentationandbackgroundsubstitution.LDP performssimilarly. Note the
robustnessof the segmentationto motion in the original background.

Fig. 12. Non-stationary background with more complex foreground. A �nal example of segmentationand background
substitution(testsequenceS3). (Top) Input left images.A third personis moving in the original background.(Bottom) LGC
background-substitution.
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VII . CONCLUSION

This paper has addressedthe important problem of seg-
menting stereosequences.Disparity-basedsegmentationand
color/contrast-basedsegmentationalone are prone to failure.
We have demonstratedpropertiesof the LDP andLGC algo-
rithms andunderlyingmodels,as follows.

� LDP andLGC arealgorithmscapableof fusing the two
kinds of information, togetherwith a coherenceprior,
with a substantialconsequentimprovementin segmen-
tation accuracy.

� Fusionof stereowith color andcontrastcanbe captured
in a probabilisticmodel,in which parameterscanmostly
be learned,or areotherwisestable.

� Fusionof stereowith color andcontrastmakesfor more
powerful segmentationthan for stereoor color/contrast
alone.

� Good quality segmentation of temporal sequences
(stereo)can be achieved, without imposingany explicit
temporalconsistency betweenneighboringframes.The
subjective effect of temporalartefacts is visible but not
tooobtrusive— seeresultsmovies[1]. Temporalartefacts
in stereocanbe alleviatedby explicit temporalmodeling
and inference[33], but currently this is too expensive
computationallyfor a real time system.

Tradeoff betweenLDP and LGC: Given that the segmen-
tation accuraciesof LDP and LGC are comparable,what
is to choose between them? In fact the choice may de-
pend on architecture:the stereocomponentof LGC can be
done,in principle, on a graphicsco-processor, including the
marginalization over disparities.In LDP however, although
stereo-matchscorescould be computedwith the graphics
coprocessor, communicatingthe entirecostarrayUM

k (xk ; dk )
to the generalprocessoris beyond the bandwidthlimitations
of currentGPUdesigns.On theotherhandLDP is economical
in memoryusage,in that it canproceedscanlineby scanline.

There are some other important differencesbetweenthe
algorithms. First, the LDP algorithm produces the entire
stereodisparitymapasa by-productof segmentation,whereas
LGC delivers the segmentationalone. This favors LDP in
applicationssuch as cyclopeanview generation,for which
the full disparity map is neededin addition to the occlu-
sion map. Quality of the disparity map computedby LDP,
within segmentedregions, is as for 4-stateDP [13]. Another
interestingdifference is that whereasthe �gural continuity
constraint, capturedby the contrast term of section III-C,
makesonly a marginal differenceto LGC performance(�gure
6), it profoundly improves the performanceof LDP (details
of experimentsomitted).This may be becauseDynamicPro-
grammingdealsindependentlywith eachepipolarline, andthe
�gural continuity constraintof [15] overcomesthat limitation
by providing an indirect but effective linkagebetweennearby
epipolarlines.

Computationtimes: Both theLDP andtheLGC algorithms
are capableof real time operation— in both cases,around
10 fps at 320 � 240 resolution,with 60 disparity levels on
a conventional(3 GHz) processor. For LDP, executiontimes
scalelinearly with imageareaand with numberof disparity

levels. LGC consists of NSSD evaluation and graph cut,
eachof which take roughly equal time with the parameters
above. [Ternarygraphcut hasbeenapplied,in our laboratory,
at around1.5 M-pixels/secondon a 3GHz Pentiumdesktop
machine.] The NSSD evaluation then scales linearly with
imagearea,andnumberof disparity levels. Graphcut scales
approximatelylinearly with image area, but is, of course,
independentof the numberof disparity levels.

A still fasteralgorithm?: Relative to the full segmentation
model (8), we saw that onesetof simpli�cations leadsto the
LDP model,andanotherleadsto theLGC model.It is reason-
ableto askthequestion,whatsortof performancewould result
in making both setsof simpli�cations at once?The resulting
algorithmwould requireonly ternarycomputation(like LGC)
and be restrictedto scanlines (like LDP). Estimationwould
simply requireDP on a 3-stateMarkov chain,potentiallyvery
ef�cient. Experimentswith this modelgivesresultswhich, in
all but onecase(AC), show a clear improvementover colour
segmentationalone,for the 6 datasetsof �gure 7. Typically
error ratesarereducedby arounda factorof 2. Clearly, stereo
underthis reducedmodelhasaneffect in improving accuracy.
However, the error rates are betweenapproximately2 and
5 times greaterthan for LGC, so a considerabledegree of
accuracy is sacri�ced in the extra simpli�cation of the model.
Thustherelative computationalexpenseof theLGC andLDP
modelsbringsclearbene�ts.

Future work: Futurework will addressseveral outstanding
issues.Oneis thesolutionof thefull problem(8), without any
simplifying neglectof disparityconstraintsor any restrictionto
epipolarlines. Possibleapproachesarebeingconsideredboth
to the max-sumproblem (3) and the max-max variant (9).
Another important issueis the imposition of a restrictionof
match-costcomputationto a limited rangeor “Panum-band”.
If this can be achieved without too great a loss of quality
thereis a considerablepotentialgainin ef�ciency, andongoing
experimentsareproducingpromisinglooking results.
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APPENDIX

A. DETAILS OF STEREO LIKELIHOOD MODELLING

In section III-A the likelihood for evaluation of stereo
matcheswasde�ned, but thereremainedthe issueof usingthe
statisticsof labelled,matcheddatasetsto justify the detailed
model, and �x the valuesof parameters� and N0. We start
from the matchingcost UM

k de�ned in (11), in termsof the
NSSDN . As are�nement,we furtherallow for subpixel offset
by parabolicinterpolation,alongepipolarlines, of the NSSD
values

N (L P
m ; RP

n � 1); N (L P
m ; RP

n ); N (L P
m ; RP

n +1 )

at successive pixels, and take the minimum value of the
parabolato replacethe value of N (L P

m ; RP
n ). This subpixel

re�nement was found to improve error ratesmildly, and was
similar in effect to alternative interpolationschemes[34], [35].

This stereolikelihoodmodel,basedon NSSDwith subpixel
interpolation,has been testedagainstthe Middlebury data-
sets[36] and found to be reasonable— examplesof results
aregivenin �gure 13a).Importantly, linearregressionanalysis
on UM as a function of N yields � � as the slope and N0

as the intercept,from (10). This gives useful working values
for � , which turns out to be quite consistent,acrossdata
sets,at around � = 10. 3 For the parameterN0, the data
analysisyields a value of approximately0.3, comparedwith
thediscriminatively optimalvalueN0 = 0:35 from sectionVI.

As it has been more conventional [24] in stereo to use
SSD as a match-costrather than NSSD, resultsare included
also for UM modeledas a function of SSD, in �gure 13b).
Two issuesarise from this. The �rst is that an effect of
normalizationis that the UM -characteristicis moreconsistent
acrossdatasetsfor NSSDthanfor SSD.Henceit is reasonable
to �x the parametersusedto model the log-likelihood-ratio
in the NSSD case,whereasfor SSD, the parameterswould
needto be allowed to adapt— an addedsystemcomplexity.
The secondis that the linearity apparentfor NSSD is absent
for SSD. Thereforethe statisticalevidencedoesnot support
the conventional modeling of match-costas linear in SSD.
Given a non-linearlikelihood basedon SSD,we have found
DP stereoto perform at comparableerror ratesto NSSD, or
slightly worse.On balancethe linearity andconsistency of the
likelihood for NSSD are reasonswhy we prefer to assume
NSSD as the suf�cient statistic for discriminating matches
from mismatches.

B. V IEWING GEOMETRY AND ITS INFLUENCE ON

TRANSITION ENERGIES

This brief sectionexplains the formula (19) for the LDP
energy coef�cient aF , andits claimeddependenceon viewing
geometry.

3Frommonochromecomponentsof the8 imagesin theMiddlebury set,we
obtain� = 10:5� 1:5 for 5� 5 patchesasusedin LGC, and� = 10:1� 1:4
for 3 � 7 patchesasusedin LDP.
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Fig. 13. Lik elihood model: the empirical negative-log-likelihoodratio UM is shown for stereomatches,plottedhere(a) asa
function of the NSSD measureN (L P ; RP ), using the groundtruth stereodatafrom threeof the Middlebury datasets[36]
(“cones”, “teddy”, and “sawtooth”). Note the linearity in the region of UM = 0, where the matched/unmatchedhypothesis
switches,and hencediscriminationis most critical. The more commonlyusedSSD measureis also analysed(b) but givesa
non-linearUM , which is also lessconsistentacrossdatasets.

Assumean averageslope magnitudeof 1, for a visible
surface,in 3D viewer-centredcoordinates.In cyclopeanmatch
spacecoordinatesd;k, this slope scalesto a slope of B =D
whereB is the stereobaselineandD is the nominaldistance
from object to viewer. From �gure 4, this implies:

exp� aF

exp� cF
=

B
D

; (29)

the ratio of probabilitiesfor following an R-matchforeground
transition with anotherof the same,vs. switching to an L-
matchtransition.This is simply becausea strictly alternating
sequenceof L-match and R-matchcorrespondsto a constant
disparity trajectory, a 45o line in match space(�gure 3),
and hence a line of gradient 0 in cyclopean coordinates.
Allowing one repeatedstep,out of M otherwisealternating
steps generates,by straightforward trigonometry, a line in
match-spaceof gradient1=M , in cyclopeand;k coordinates.
Now setM = D=B to arrive at (29).

Finally, combining (29) with (21) and bF = logWF (18),
givesthe result (19).


