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ABSTRACT

This paper describesmodelsand algorithmsfor the real-
time segmentationof foreground from badkground layers in
steleo video sequencesAutomatic sepaation of layers from
color/contrast or from steeo alone is known to be error-
prone Here, color, contrast and steeo matding informa-
tion are fusedto infer layers accurately and efciently. The
r stalgorithm, LayeredDynamic ProgrammingLDP), solves
stereoin an extended6-statespacethat representsboth fore-
ground/ba&ground layers and occludedregions. The steeo-
matd likelihoodis thenfusedwith a contrast-sensitivecolor
model that is learned on the y, and steeo disparities are
obtained by dynamic programming The secondalgorithm,
Layered Graph Cut (LGC), does not directly solve stero.
Insteadthe steleo matd likelihood is mamjinalizedover dis-
parities to evaluate foreground and badkground hypotheses,
and thenfusedwith a contrast-sensitivecolor modellike the
oneusedin LDP. Sgmentations solvedefciently by ternary
graph cut.

Both algorithmsare evaluatedwith respectto groundtruth
data and found to have similar performance substantially
better than either steeo or color/contiast alone However,
their characteristicswith respectto computationalefciency
are rather different. The algorithmsare demonstated in the
applicationof badkgroundsubstitutionand shownto give good
quality compositevideo output.

|. INTRODUCTION

This paperaddressethe problemof separating foreground
layer, from stereovideo, as in gure 1, in real time. The
assumptionis that the visible scenecan be expressedas two,
spatially coherentlayers, one a “foreground” layer masking
the other “background” layer A prime application is for
teleconferencingn which the useof a stereowebcamalready
malkespossiblevarioustransformation®f thevideostreamjn-
cluding digital pan/zoom/tiltandobjectinsertion[1]. Herewe
concentrat®n providing theinfrastructurefor live background
substitution.This demandgoregroundlayer separatiorio near
ComputerGraphicsquality, including -channedetermination
as in video-matting[2], but with computationalef ciency
sufcient to attainlive streamingspeed.

Layer extractionfrom imageshaslong beenan active area
of research[3], [4], [5], [6], [7]. The challengeaddressed
hereis to sggmentthe foregroundlayer both accuratelyand
efciently. Corventionalstereoalgorithmse.g. [8], [9] have
proven competentat computingdepth. Stereoocclusionis a
further cue that needsto be accuratelycomputed[10], [11],
[12], [13], [14] to achiere good layer extraction. However,

the strengthof stereocuesdegradesover low-texture regions
such as blank walls, sky or saturatedmage areas.Recently
interactve color/contrast-basegggmentationtechniqueshave
been demonstratedo be very effective [15], [16], even in
the absenceof texture. Segmentationbasedon color/contrast
aloneis nonethelesdeyond the capability of fully automatic
methods.This suggests robust approachthat exploits fusion
of a variety of cues.Herewe proposea modelandalgorithms
for fusion of stereowith color and contrast,and a prior for
intra-layerspatialcoherence.

Theef ciency requirement®f live backgroundsubstitution
have restrictedus to algorithmsthat are known to be capable
of nearframe-rateoperation,speci cally dynamic program-
ming and graphcut [15], [17]. Thereforetwo approacheso
segmentationare proposedhere: LayeredDynamic Program-
ming (LDP) and LayeredGraph Cut (LGC). Eachworks by
fusing likelihoodsfor stereo-matchinggcolor and contrastto
achieve sggmentatiorquality unattainabldérom eithersterecor
color/contrasbntheirown (see gure 2). Thisclaimis veri ed
by evaluation on stereovideos with respectto ground truth
(sectionVI). Finally, ef cient post-processinépr matting[18]
is appliedto obtain good video quality asillustratedin stills
in this paper and companionvideos[1].

The paperis organizedasfollows. In sectionsll andIll we
describethe commoncomponentf the probabilisticmodels
for LDP and LGC. In sectionslV andV we describeLDP
and LGC algorithms, respectiely. Experimentalresults and
conclusionsare presentedn sectionsVIl and VII.

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

First we outline the probabilisticstructureof the sterecand
color/contrasimodels.

A. Notation

Pixels in the recti ed left andright imagesareindexed by
m andn respectiely, so the imagesare denoted

We referjointly to thedataasz = (L;R). In additionanarray
x of statevariablesis de ned, eitherin left-imagecoordinates
x = fxmag, or, in cyclopeancoordinatesas x = fxxg, and

takesvaluesxi 2 fF; B; Og accordingto whetherthe pixel is

a foregroundmatch,a backgroundmatchor occluded.Stereo
disparityis de ned to bed = m n andthe disparity values
along one epipolar line are expressedasd = fdg; k
1g. Note this meansthat
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input left view automaticlayer sepaation and badground substitution

Fig. 1. An exampleof automaticforeground/backgound separatiorin binocularstereosequencesThe extractedforeground

sequencean be compositedree of aliasingwith differentstatic or moving backgroundsa usefultool in video-conferencing
applications Stereosequencé\C usedhere.Note: the input synchronizedstereosequencesisedthroughoutthis papercan be

downloadedfrom [1], togetherwith hand-labeledseymentations.

input right view

a) b) c) d)

Fig. 2. Segmentationby fusing color, contrast and stereo. Resultsof three different sgmentationalgorithmsrun on two
differentstereo-pairgsee[1] for more examples).a) data(left image);b) Segmentationbasedon stereo[13]; c) Segmentation
basedon color/contras{16]; d) The LGC algorithm proposecherefusescolor, contrastand stereoto achieve a moreaccurate

sgymentation.The foregroundartefactsvisible in b) andc) are correctedin d).

sothatk; d forms an alternatve cyclopeancoordinatesystem
for the spaceof epipolarmatcheswhich is well known to be

helpful for probabilisticmodelingof stereomatching[11]. For

good reasongseelater) the two algorithmspresentedn this

paperare eachbasedon differentimage coordinatesystems,
one on cyclopeancoordinategk; d), the otheron left image-
basedcoordinategm; d).

This setsup the notationfor acompletematchof two images
asthe combinedvector(d; x) of disparitiesandstatesNow a
posteriordistribution over (d; x), conditionedon imagedata,
canbe de ned.

B. Genentive model

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

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

Here is a vector of parametersfor the model, which
will needto be set accordingto their relation to physical
guantitiesin the stereoproblem,andby learningfrom labeled
data. The posteriorcould be globally maximisedto obtain a
segmentatiorx 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
sgymentation

R = arg max p(x;d j z): €))

d

The model (2) can be regardedsimply as a Conditional
RandomField (CRF) [19], without ary generatie explana-
tion/decompositionin terms of priors over (x;d) and data
likelihoods.However, simpler forms of the model do admit
a generatre decompositionand this is very helpful alsoin
motivating the structureof a fuller CRF modelthatis not so
naturally decomposedOne reasonablegeneratre model has
a Gibbsenegy with the following decomposition:

E(z;x;d; )= V(x;d; )+ UM(zix;d; )+ US(z ] x; );
(4)
in which the role of eachof the threetermsis asfollows.
Prior:: an MRF prior for (x;d) hasanenepgy speci ed
asa sumof unary and pairwise potentials:

X
[F (Xi;Xko; di;  dio)]+
(k:k%2N k

V(x:d; )= Gk (Xk; dk);

(®)



where d is the disparity gradientalong epipolarlines, that
is
de = de  dk 1: (6)

Typically, F(:::) discouragesexcessve disparity gradient
within matchedregions. Pixel pairs (k;k% 2 N arethe ones
thataredeemedo be neighbouringn the pixel grid. The rst
component (:::) of the prior Gibbsenegy V in (5) should
incorporatean Ising componenthat favours coherencen the
sgymentationvariablesx ; Xko. It shouldalsofavour continuity
of disparity over matchedregions, and do so anisotropically
— more strongly along epipolarlines than acrossthem. The
Gk (:::) term implements“disparity-pull”, the tendeng of
foregroundelementgo have higherdisparitythanbackground
ones.The speci ¢ form of Gi(:::) canbe setby taking

Gk (xk;dk) = logp(dk j X«); (7)

and determiningthe conditionaldensityp(dk j xx) from the
obsenredstatisticsof somelabelleddata.Variousmodelscould
be usedhere, but in our experimentsa simple, constantdis-
parity, separatingurfaceis used,sothatd > dy characterises
foreground with uniform distributionsfor p(dy j xx) overeach
of the possiblestatesx 2 f F; B; Og.

Stereo lik elihood: , representedy the UM term, evalu-
atesthe stereo-matclavidencein thedataz, bothto distinguish
occlusion(xx = O) from full visibility (xx 2 fF;Bg) and,
given visibility, to determinedisparity dy .

Color likelihood: , representedy the U term, uses
probability densitiesin colour space,one density for the
backgroundandanotherfor the foreground,to apply evidence
from pixel colour to the sggmentationxy of eachpixel.

C. Contrastdependence

One further elaboration,dueto Boykov and Jolly [15], in-
corporateghe evidencefrom imagecontrastfor sggmentation
— seealso‘line processes[20], “weak constraints’[21] and
“anisotropic diffusion” [22]. It proves importantin re ning
segmentationquality, at the cost of obscuringsomevhat the
cleargeneratie distinction betweenprior andlik elihood[23].
The Ising componentF in (5) is made contrastdependent,
disabling the penalty for breakingcoherencean x wherever
image contrastis high. Segmentationboundariestend, as a
result,to align with contoursof high contrastThe MRF model
(4) is extendedin this way to a CRF

E@zx:d; )= V(zxid; )+ UM(zxid; )+ US(zjx; );

(8)
in which dependencen dataz is now incorporatedn to the
V(:::) term.

D. Tractability of inferenceand learning

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

R = argmax méaxp(x;d iz2)

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 enegy function E is chosento meet
the necessaryegularity conditions).The approximation(9) to
the original problemis likely to be a good one, becausahe
posteriordensityis likely to be sharplypealed with respecto
d, since stereoconstraintson disparity are typically strong.
However -expansionover (x;d) jointly would be rather
inef cient, at leastan order of magnitudebelow real-time,
for currentarchitecturesThis paperproposeswo approaches
to simplifying the Gibbs enegy model,to make inferenceof
segmentationx practicallytractableand ef cient.

LDP. In Layered Dynamic Programming,all ver-
tical cliquesin V (5) are removed, resultingin a
posteriordensity consistingsimply of a set of one-
dimensionalHidden Markov Models (HMMs), one
HMM along each epipolar line. For the disparity-
gradientdependencén V, this meansretainingthe
strongepipolarconstraintsput omitting gural con-
tinuity constraintswhich are wealer. For the sgy-
mentationcoherenceencouragedy V, constraints
can be imposedonly horizontally and the vertical
constraintis lost. Nonethelesshereis someimplicit
transferof information vertically via the overlap of
the patchesusedin the stereomatchlikelihood (see
section Illl-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
enegy V hasbecomea Markov chain,the parameter
learningproblemalso becomedractable.

LGC. In LayeredGraphCut, the prior term F (:::)
in (5) is madeindependenbf disparityd. Now the
posteriordensitycanbe maminalisedexactly over d
in theoriginalinferenceproblem(3). Marginalization
givesthe posteriordensityp(x j z) for sgmentation
only, which canbe maximisedby ternarygraph-cut,
using -expansion.Parametedearninghasnot been
madetractable but someguidancecomesfrom priors
andlikelihoodsestimatedor LDP, transplanteqand
simpli ed) to the LGC model.

In summarywe have two approximatemodelsfor the original
problem.One,LDP, hasthe advantageof practicaltractability
not only for inferencebut also for parametetearning.It has
the disadwantagethough that vertical constraintshave been
neglected.On the otherhandLGC retainsvertical constraints
at least for sggmentation,but neglects all direct constraints
on continuity of disparity It has the advantageof solving
the original max-sumform of the inferenceproblem, rather
thanjust the max-maxapproximationput the disavantagethat
parametelestimationremainsintractable.

I1l. PROBABILISTIC 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 cuefusionin inference.



A. Likelihoodfor steeo
The stereo-matchingenegy UM (z;x;d; ) from (8) is
modelledas a sumover pixel)i

UM(z;x;d) = UM(z;xk; dk)

k

whereeachU) is the costassociateavith the stereomatchat
pixel k. Commonly[24] stereomatchesare scoredusingSSD
(sum-squaredlifference),that is the L?-norm of difference
betweenimage patchesL |, ; RF, surroundinghypothetically
matchedpixels m; n. Following [13] we modelUM in terms
of SSD but with additive and multiplicative normalization
for robustnessto non-Lambertianeffects and photometric
calibrationerror. This is termedNSSD — normalizedSSD:

(10)

Miyw -qy— M(LES RE) if xc 2 fF;Bg
Uk (Z,Xk,dk) - 0 if Xy = O, (11)
whereM = (N  Np) with , No being constants,and

m;n = (k dx)=2 theleft andright imageindices,asbefore
(1). The NSSDN is:
LP) (RP

1k(LP
2KLP LPk2+ kRP

RP)k?

N (LP; —
RPk?2

RP) = 2 [0;1];

(12)
in which RP denotesthe meanvalue over the patchRP. The
constaniN( canbethoughtof asa penaltyfor failureto match.
Furtherdetailsof modelling and parameteestimationfor the
stereolikelihood are given in appendixA., and this leadsto
statisticalestimatorsfor the constants andNpg.

B. Likelihoodfor color

Following previous approachego two-layer sggmentation
[15], [16] we model likelihoodsfor color in foregroundand
backgroundusing Gaussianmixtures in RGB color space,
learned from image frames, labeled (automatically), from
earlier in the sequenceThe foreground color model p* (z)
is simply a spatially global Gaussianmixture learnedfrom
foreground pixels, and similarly for the backgroundmodel
p?(z). The combinedcolor modelis thengiven by an enegy
ue:

Ug (zi; Xk) = (13)
logpF(z«) if xk =F
logpB(z«) if xx=Borx=0

Learning of the global foreground and background color
modelsp" and p® proceedsas follows. Eachis a mixture
of N¢ = 20 full covarianceGaussiancomponentsin RGB
color-space,andis 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/backgrand from the output of the
segmentationprocessin the caseof LGC, the algorithm will
be de ned with respectto one (the left) imageonly, so color
modelsarebuilt from thatoneimage.In the caseof the LDP
algorithm, modelsare maintainedindependentlyfor each of
the left andright images.The total enegy for color is taken
as:

US(z;x; ) =

US (z«; Xk) (14)

wherethe color discountconstant (typical value = 1=2)

is included to tune the balanceof in uence betweenthe
stereomodelandthe color model.In principle, the generatie

derivation of the enegiesshouldhave balancedhemalready
In practice,the pixelwise independencassumptionsouilt in

to the color model renderthe in uence of color excessiely

strong,and choosinga value < 1 discountsfor that. Color

models are initialized at time t = 0, by setting = 0,

estimating segmentationwithout using color, and using the
labelled segmentsto learn the foreground and background
color modelsfor t = 0. Notethatfor working in the cyclopean
frame, separatdoregroundand backgroundcolor modelsare
maintainedfor eachof the left andright images.

C. Contrast dependence

To implementthe contrastdependencelescribedabore, a
soft switch for the Ising penaltyis de ned, replacingF (:::)
in (5) by

F(Xk;Xko;  dk;  dko; Viko); (15)
whereV, . is the soft contrastswitch applying acrosssites
k: k%

Kok Ocok?
2 20y 0°

1+ (16)

Viko = + exp
Here g is the image-data,Gaussiansmoothedat a scale
of 0:7 pixels and with componentsgy at each pixel; diko

is the Euclidean distance betweenpixels k;k°® and ? =

kg«  okok?=dkxo® , a meancontrastover all neighboring
pairs of imagepixels. The factorV, ... actsasa soft contrast
switch,andis typically allowedto multiply certainof the costs
in F(:::), sothatbuilt-in tendencieso coherencareabatedn
the presencef high contrastDetailsaregivenin the next two
sections[The constant is a “dilution” constantfor contrast,
empirically found to be bestsetto = 1.]

To summarisethe nal CRF modelis asin (8), with

V(zixigi )=
F(Xk;Xko;  dk;  dko; Vieko) +
(k;k%2N K

(17)
Gk (Xk; dk);

incorporatingthe contrastsensitvity, via V , asrequired.

D. Choiceof image coordinate frame

Finally, we promisedat the startto commenton the choice
of coordinatedframe,cyclopeanfor LDP andleft for LGC. The
reasonis thatcyclopearnis intrinsically preferablenot only for
reason®f symmetryandeleganceput alsobecaus®cclusions
occur on both sides of a foreground object (not just one
side,aswith left imagecoordinates)andthis givesadditional
constraintfor segmentingthe foreground.In LGC however,
the cyclopeanimageis not accessibldecausenaminalisation
hides the disparities. Thus image contrast,for the contrast-
sensitvity term, hasto be computedfrom a physicalimage,
eg the left.
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Fig. 3. Stereo match-space Notationcornventionsfor left and
right epipolar lines with pixel coordinatesm; n, cyclopean
coordinatesk and stereodisparityd = m  n. Hypothetical
matchingpath shovn dashed(cf. [11], [9]).

IV. LAYERED DYNAMIC PROGRAMMING (LDP)

Themodelusedin LDP, asmentionedearlier, is the general
stereoCRF model (8) with enegy E(z;x;d; ) from section
II, but with all vertical constraintsremoved. All optimiza-
tion therefore takes place independently within individual
scanlineslin this one-dimensionasituation,the Gibbs enegy
speci cation is equialent to specifying a Hidden Markov
Model (HMM) on (x;d) along eachscanline.As usual for
an HMM, the prior enegy V (here also switchedsoftly by
contrast)is expressedas a Markov chain over xy; dx given
Xk 1;dk 1. Obsenation likelihoods,UM for stereoand U¢
for colour, are expressedas emissioncosts,asis standardor
an HMM. In this sectionwe rst setout the notationfor the
HMM on a scanline,andthengive detailsof how the various
enegiesarerepresentedn the model,all nally summarised
in a state-transitiordiagramfor the HMM.

A. Optimal matding path along a scanline

Left pixelsL, andright pixelsR,,, on a given scanlineof
lengthN s pixels,areorderedby ary particularmatchingpath
(gure 3), giving 2N cyclopeanpixels

wherek = m + n. The k-axis is the so-calledcyclopeart
coordinateaxis. Corventionally in DP stereomatching the
“ordering constraint”[26], [8] is imposedandthis meanshat
eachmove in gure 3 is allowed only in the positive (North-
to-East) quadrantof the diagram. Stereodisparity along the
1g
wheredy = m n.

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

1cyclopeanhere meansmid-way betweenleft and right input cameras.

always matched,and horizontal/\ertical onesare unmatched.
However the natureof the stereomatchingproblemdemands
that horizontal/ertical moves should come both in matched
andunmatchedorms. (Matchedhorizontal/erticalmovesare
neededto representthe deviation of a visible surface from
fronto-parallel).This raisesa consisteng requiremenbetween
matched move types: a path consisting of a sequenceof
diagonalmovesis exactly equivalentto a correspondingpath
in which horizontaland vertical moves alternatestrictly. The
probabilities of the two pathsshould thereforebe identical.
This is most easily achieved simply by outlaving explicit,
diagonalmatchedmoves,forcing themto be expressednstead
as a horizontal/ertical pair. This restriction, illustrated in
gure 3, ensuresa consistentprobabilistic interpretationof
the sequencematching problem. Furthermore,the stepwise
restrictionhasthe addedvirtue thateachelementL ,, andR
is “explained”onceandonly once.Thisis becauseahorizontal
stepin gure 3 visitsanew L ,, which is thereby“explained”
but stayswith the old R, . Corversely a vertical stepvisits a
new R,. ThuseachL,, andeachR, appearsonceandonly
ceasazg in ap(z j :::) term,in the joint likelihood

for a consistenide nition of the likelihood.

B. LDP: stereo with occlusionand layers

The three possiblestatesxy 2 fF;B; Og are doubledup,
for corvenience,to re ect the existenceof left and right
variants, respectrely the horizontal and vertical moves in
gure 3. This gives a total of 6 possiblestates:xx 2 fL-
match-E R-match-E L-match-B, R-match-B,L-occ, R-oca.
The HMM for the Gibbs modelis thenre ected in the state-
spacediagramof gure 4, which representsMarkov chain
transitionsk 1! K, in termsof costs(ie enegy increments)
on arcs,and thesecapturethe contrast-modi edprior enegy
V. Obsenationlik elihoodenegiesarerepresentely the costs
UM and US on nodes.[Note that left-occluding and right-
occluding statescannotdirectly intercommunicatere ecting
constraintsof stereogeometry

Prior and contrast: Transitionenepies betweenoccluding
and foregroundstatesrepresenthe component= (:::) of the
prior enegy V (17), andincorporatethe soft contrastswitch
V de ned earlier (16). (In this cyclopeansetting,V must
be computedfrom contrastin the left or the right image,
accordingto whether the state is left-foreground or right-
foreground.)

The model has a number of parameters
far;ag;ao;b-;bs;bo;ce;cag. It might seemproblematic
that so mary parametersieedto be set, but in fact they can
be learnedfrom labeledtraining framesas follows:

bo = log(2Wo) be = log(Wg) bs = log(Wg)

where Wo, WE and Wy are the meanwidths of occluded,
foregroundandbackgroundegionsrespectiely. This follows
simply from thefactthat2exp Iy is the probability of escape
from an occluded state, and so on. Then considerationof
viewing geometrytogetherwith an assumptiorabouttypical

(18)



UM+ Ce UM+
% US+G, > US+G, | 4%
R-match L-match
Foreground i
eg Q\L_
b,V

(D

Background

Fig. 4.

State spacefor foreground/background segmentation.The segmentationstatespacexy 2 fF;B;Og is doubledto

take accountof left andright variants;hencematchedand occludedstatestogetherform a 6-statesystem.Note that from the
foregroundstates(yellow circles), only the right occluding stateis accessibleand from background(blue circles) only the
left occludingstate;this re ects a simpli cation of the modelto exclude the possibility of foreground/forground occlusion.
Match costsincorporatedisparity-pull and contrasteffects — seetext for details.

slopesof visible surfaceqseeappendixB. for details)indicates

that:

ar = log(1+ D=B) log(l 1=Wg); (19)

whereD is a nominaldistanceto objectsin the sceneand B
is the interoculardistance(camerabaseline) and similarly for
aB. Lastly, probabilisticnormalizationdemandghat

ao = log(l 2e ™): (20)

andthat

ce= logl e ™ e @) (21)

and similarly for cg, andso all the parametersare x ed.

Disparity-pull: The disparity-pull term Gg(:::) in the
prior (17) is implementedn the transition-diagranas a cost
appliedat eachnode,as shown.

Steeo and color fusion: Likelihood costsfor stereoand
for color are UM and US, asdescribedearlierin sectionlll.
They appearas nodal costson the statetransitiondiagram.

The 6-stateHMM can be optimized straightforvardly by
dynamicprogrammingandthis givesa solutionto the alterna-
tive “max-max” estimationproblem (9) describedat the end
of sectionll. Resultsare given laterin sectionVI.

V. LAYERED GRAPH CUT (LGC)

Layered Graph Cut (LGC) determinessggmentationx as
the minimum of an enegy function E(z;x; ), in which
stereo disparity d does not appearexplicitly. The enegy
function is de ned from the CRF (8) for the full stereo
problemin sectionll, by mamginalizingover disparity to give a
posteriordistribution p(x j z). Segmentatiorbecomesternary
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, ratherthan in the cyclopean
frame asin LDP. Henceimagerelatedvariablessuchas x,
carrytheleft imageindex m, ratherthanthe cyclopeank used
earlier

A. Marginalizedenegy

In orderfor themaminalizationto betractabletheenegy V
(17) is simpli ed by neglecting explicit disparity dependence
in F(:::), thatis, assuminghat:

F(XmiXmo;  dm;  dmo; Vigm o) = F(Xm ' Xmo; Vipm 0):
(22)

Now the mamjinalizedposterioris de ned by its enegy

E(z;x; )= V(z;x; )+ H(z;x; )+ U%(zx; ); (23)
where
X
V(z;x; )= F (Xm; Xm©; Vi:m o) (24)
(m;m 92N

is derived from a simpli ed prior, with addedsoft contrast
switching as earlier (15). The color likelihood U€ 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:

X
H(z;x) =

whereH, is de ned by maminalizationover disparityto be:
Hmn(Xm) = (&6)

X
log Gm (Xm;dm) + UM(z; Xm ; dm)

dm
Note that, from (7) and (11), this de nition hasthe property
thatHp, is normalisedsuchthatH, (O) = O.

Hm (Xm) (25)

exp



B. Coheenceand contrast

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

F (Xm ;Xm0 Viem o) = Fmm ©Vipem o (27)

where again V..., o is the soft contrastswitch. Anisotropic
coherenceostsFy,.m o arede ned asfollows. Cliquesconsist
of horizontal, vertical and diagonalneighborson the square
grid of pixels.For verticalanddiagonalcliquesF ., o actsasa
switchtriggeredby transitionsin or out of theforegroundstate:
Fmm o[x; x9 = if exactly one variablex; x° equalsF, and
Fmm o[X; X9 = 0 otherwise Horizontalcliques,alongepipolar
lines, inherit the same cost structure, except that certain
transitionsare disalloved on geometric (epipolar) grounds.
Theseconstraintsareimposedvia in nite costpenalties:

Frumo[x = F;x°= 0]=1; Fmmox= 0O;x°=B]=1":

The constant is broadly relatedto b= and by in the LDP
model, so a reasonablavorking valuefor is

= %(h: + bp) = Iog(zp WEWo);

wherewidth parameter§Vg andWg werede ned earlier(18).

(28)

C. Expansionmove algorithm

Currently graph cut based stereo algorithms techniques
suchas([15], [12] arenot suitedfor real-timeimplementation.
The main reasonis that they performO(dnax ) -expansion
operationg(binary graphcuts), wheredmax is the numberof
possibledisparities.Having mamginalizedover disparities,we
areleft with just threelabelswhich is a substantiakaving. In
addition,the ternaryexpansionmove algorithmcanbe imple-
mentedpractically at a costof a single graphcomputationby
taking advantageof the structureof our problem.

First, we have obsered that resultsafter one iteration of
the expansionmove algorithm are very close to the results
achievedatcorvergenceThisis notsurprisingconsideringhat
the numberof labelsis small. Therefore,only one iteration,
involving two graphcut computationsis neededWe initialize
the sgmentationwith x, = B for all pixels andthenrun F-
expansionand O-expansion(see gure 5). Second,in the O-
expansionoperationit sufces to add nodesonly for a small
fraction of all pixels. Indeed,dueto the geometricconstraints
O-expansion cannot changepixels in scanlinesthat do not
containB-F type transitions.Furthermorejt happenghatthe
segmentationboundaryfound after F-expansionnormally lies
in the real occludedregion locatedto the left of foreground
object. Therefore,it is reasonableto perform O-expansion
operationonly for pixels within distancedmnax from B-F
transitions( gure 5b).

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

VI. RESULTS

Performancef the LGC andLDP algorithmswasevaluated
with respectto ground-truthsegmentationson every fth or

tenth frame (left view), in eachof six teststereosequences

The datawas labeledmanually labelling eachpixel as back-

ground, foreground or unknavn. The unknown label was

usedto mark mixed pixels occurringalong layer boundaries.
Error is then measuredas percentagef misclassi ed pixels,

ignoring “unknown” pixels.

Prior parameters for LDP: Prior parametergor LDP
aresetasin sectionlV, equationg18) and(19), with thesame
valuesfor foregroundandbackgroundbarametersi.e. ar and
ag etc Region widths in equations(19) and (18) are setto
Wgo = 10pixels and Wg = Wpg = 100pixels, and typical
valuesfor objectdistanceandbaselineareD = 1000mm and
B = 50mm.

A. Determinationof LGC parametes and their sensitivity

Experimentsareshavn hereon The rst setof experiments,
with theLGC algorithm,areshavnin gure 6. Parameterd,
, and arevaried,oneatatime, aroundtheir default values
No=0:35, =2, = 0:5and = 1. Resultsaresummarized
for eachparametein turn.
Lik elihood offset parameter Ny, introduced in
section lll-A, gives low error rates over a range
0:25 Ng 0:35 NotethatNg = 0:25is thevalue
obtainedgeneratiely, i.e. from likelihood tting in
sectionlll-A. The valueNg = 0:35 is very slightly
superiordiscriminatively — i.e. it giveslower error
ratein gure 6.
Coherenceconstant for LGC, de ned in section
V, gives low error ratesfor 2 4. Notably
this is far smallerthanthe optimal value 25 for
sementatiorusingcolor/contrasbnly [16]. Presum-
ably the presenceof the additional cue from stereo
to some extent takes over the role of coherence.
The default value, from equation(28) in sectionV,
and taking Wo = 10pixels and Wy = 100pixels
as before, gives = 3.8 which is satisactorily
consistentwith the experimentalresults.
Color discount constant , de ned in sectionlll-
B equation(14), gives besterror ratesaround =
0:5. Without a discount( = 1) error rates are
appreciablyhigher and this con rms the need for
a discountto modify the generatre assumptionof
independencef color at neighboringpixels.
Contrast parameter , de ned in section IlI-C,
equation (16) to impose gural continuity, has a
mild effect on error rate performance.Our default
= 1 performsa little betterthan 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 as parametervary aroundtheir default values.
Pixelwisebadgroundmodel: We furtherexperimentedvith
anextensionto the backgroundnodelof sectionlll-B, mixing
in a probability densitylearned,for eachpixel, by pixelwise
backgroundmaintenancg28], [29], [30]. The learned pix-
elwise densitiespP (z«) are typically strongly pealed, and

2Groundtruth sgmentationdatais publicly available [1].



a) F-expansion b) O-expansionregion c) O-expansion

Fig. 5. One iteration of the expansion move algorithm in LGC. Con guration is initialized with x, = B for all pixels,
then subjectedo F-expansionto give (a). (b) O-expansionis restrictedto a region closeto B-F transitions,shovn shadedto
give the nal result(c), in which the O-labelis shovn in green.(Resultsfor sequenceAC at frame0.)
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Fig. 6. Effect of valuesof LGC parametersNg, , and on segmentationerrorrate,for eachof 6 test-datasets— see
text for detaileddiscussion.The default value of eachparameteiis indicatedby an arrov on the abscissaxis.

hence very informative, but sensitve to movementin the p®(z«) decreasearror ratesby just 0:03-0:3% acrossthe 6
background.That sensitvity is robusti ed by addingin the datasetstested(seesectionVI), comparedwith usingp® (zx)
generalbackgrounddistribution pB(z¢) asthe contamination alone. Note however that using the pixelwise p2(z) alone,
componentin the mixture. However, rather surprisingly ex-  without ary p®(z«) component,increasederror rates by a
perimentsshaved negligible improvementfrom the extended disastrou®:5 8:1%. Thatis in additionto the disadwantage
backgroundnodel,presumablybecausef the strengthof the that pixelwise backgroundmodels are sensitve to camera
other cues.A density equally weightedbetweenpf (zc) and shale.
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plot, for temporalmeanand standarderror. Note that fused stereoand color/contrast{LGC and LDP) perform substantially

betterthan either stereoor color/contrasalone.

B. Error rate reductiondueto fusion of stereo/color/contast

Segmentation performancefor the various stereo test-
sequencesincluding the AC sequenceof gure 1 and ve
others,is comparedfor color/contrastfor stereoalone,and
for color/contrastwith stereofusedtogether( 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 stereo by
the LGC and LDP algorithmsboth shav similarly enhanced
performancecomparedwith color/contrastor stereoalone.
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LDP

LGC

Fig. 8. Extracted foreground layer (top) for the left view of sequencéC, frame 100, for LGC and LDP. Seggmentationerror

maps(bottom).

subjectVK frame 60

subjectlU-JW frame 30

Fig.9. LGC Segmentationerror illustrations. We shov heretwo resultscorrespondindo high error ratesin the testdataof
gure 7. Segmentedforegroundis shavn againsta grey background.

The six test sequenceénclude one with two subjectsin the
foreground (IU-JW ) and anotherwith peoplemoving in the
background(lU). Even in those dif cult cases,the power
of fusing color/contrastand stereois immediately apparent.
In fact, the error rates showvn for color/contrastalone are
even optimistic, in that color mapsare trained from ground
truth sggmentationsvhereagracticallythey would have to be
trainedadaptvely from the imperfectsggmentationsbtained
online. Note that while LDP and LGC conclusvely achieve
better performancethan either color/contrastor stereoalone,
neitherof LDP or LGC performsconclusvely betterthanthe
other An exampleof a sgmentedmagefrom the ACsequence
is shovn in gure 8 togetherwith the spatial distribution
of segmentation errors: the errors tend to cluster closely
aroundobjectboundariesFinally gure 9 shows two results
correspondingto high error ratesin the test data of gure
7. The rst (VK) aparentlyariseswhere the subjectshand

saturatesghe intensityrangeof one of the camerasgisturbing
the stereomatching.The second(lU-JW ), more interesting,
shaws slightly overaggressie action of the coherencecon-
straintmomentarilygluing two subjectstogether

Badkground substitutionin sequences.Finally, gs. 10-12
demonstratethe application of seggmentationto background
replacementin video sequencegfurther resultsare available
at[1]). Backgroundsubstitutionin sequencess challengingas
the humaneye is very sensitve to ick er artefacts.Following
practice in foreground/backgmund segmentation, -matting
has beencomputedby border matting [16] as a (real time)
post-processthough patch basedpriors can alternatvely be
used[31], [18]. The LGC algorithm gives good results,with
blendedboundariesand little visible ick er [1, Background
substitutiondemo]; LDP givessubjectiely similar results.
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LGC, frameO LGC, frame100

Fig. 10. Segmentationand background substitution. Herewe shonv backgroundsubstitution(using LGC) for two framesof
the sequencé\C

Fig. 11. Segmentation with non-stationary background. (Top) Four framesof the input left sequencdU (right frame
not shawvn here).(Bottom) Correspondind.GC segmentationand backgroundsubstitution.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.



VIlI. CONCLUSION

This paper has addressedhe important problem of seg-
menting stereosequencesDisparity-basedsegmentationand
color/contrast-basedegmentationalone are prone to failure.
We have demonstrategbropertiesof the LDP and LGC algo-
rithms and underlyingmodels,as follows.

LDP and LGC are algorithmscapableof fusing the two
kinds of information, togetherwith a coherenceprior,
with a substantialconsequenimprovementin segmen-
tation accurag.

Fusionof stereowith color and contrastcanbe captured
in a probabilisticmodel,in which parameterganmostly
be learned,or are otherwisestable.

Fusionof stereowith color and contrastmakesfor more
powerful sggmentationthan for stereoor color/contrast
alone.

Good quality seggmentation of temporal sequences
(stereo)can be achieved, without imposing ary explicit
temporal consisteng betweenneighboringframes. The
subjectve effect of temporalartefactsis visible but not
too obtrusive — seeresultsmovies[1]. Temporalartefacts
in stereocanbe alleviated by explicit temporalmodeling
and inference[33], but currently this is too expensve
computationallyfor a real time system.

Tradeof betweenLDP and LGC: Given that the segmen-
tation accuraciesof LDP and LGC are comparable,what
is to choose betweenthem? In fact the choice may de-
pend on architecture:the stereocomponentof LGC can be
done,in principle, on a graphicsco-processqrincluding the
maminalization over disparities.In LDP however, although
stereo-matchscorescould be computedwith the graphics
coprocessgrrommunicatinghe entire costarray UM (x; di)
to the generalprocessoiis beyond the bandwidthlimitations
of currentGPU designsOn the otherhandLDP is economical
in memoryusage,n thatit canproceedscanlineby scanline.

There are some other important differencesbetweenthe
algorithms. First, the LDP algorithm producesthe entire
stereadisparitymapasa by-productof sggmentationwhereas
LGC delivers the sggmentationalone. 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 asfor 4-stateDP [13]. Another
interesting differenceis that whereasthe gural continuity
constraint, capturedby the contrastterm of section IlI-C,
malkesonly a mamginal differenceto LGC performance gure
6), it profoundly improves the performanceof LDP (details
of experimentsomitted). This may be becauseDynamic Pro-
grammingdealsindependentlyith eachepipolarline, andthe
gural continuity constraintof [15] overcomeghat limitation
by providing an indirect but effective linkage betweennearby
epipolarlines.

Computatiortimes: Both the LDP andthe LGC algorithms
are capableof real time operation— in both cases,around
10 fps at 320 240 resolution,with 60 disparity levels on
a corventional (3 GHz) processarFor LDP, executiontimes
scalelinearly with image areaand with numberof disparity
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levels. LGC consistsof NSSD evaluation and graph cut,
eachof which take roughly equaltime with the parameters
above. [Ternarygraphcut hasbeenapplied,in our laboratory
at around 1.5 M-pixels/seconcbn a 3GHz Pentiumdesktop
machine.] The NSSD evaluation then scaleslinearly with
imagearea,and numberof disparity levels. Graphcut scales
approximatelylinearly with image area, but is, of course,
independentf the numberof disparity levels.

A still fasteralgorithm?: Relative to the full segmentation
model (8), we saw that one setof simpli cations leadsto the
LDP model,andanothereadsto the LGC model.lt is reason-
ableto askthe questionwhatsortof performancevould 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 model givesresultswhich, in
all but one case(AC), shawv a clearimprovementover colour
segmentationalone, for the 6 datasetf gure 7. Typically
errorratesarereducedby arounda factorof 2. Clearly, stereo
underthis reducedmodelhasan effect in improving accurag.
However, the error rates are betweenapproximately2 and
5 times greaterthan for LGC, so a considerabledegree of
accuray is sacri ced in the extra simpli cation of the model.
Thusthe relative computationakxpenseof the LGC andLDP
modelsbrings clearbene ts.

Future work: Futurework will addresssereral outstanding
issuesOneis the solutionof thefull problem(8), without any
simplifying neglectof disparityconstraint®or ary restrictionto
epipolarlines. Possibleapproachesire being consideredoth
to the max-sumproblem (3) and the max-max variant (9).
Anotherimportantissueis the imposition of a restriction of
match-costtomputationto a limited rangeor “Panum-band”.
If this can be achieved without too greata loss of quality
thereis a considerabl@otentialgainin ef ciency, andongoing
experimentsare producingpromisinglooking results.
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APPENDIX
A. DETAILS OF STEREO LIKELIHOOD MODELLING

In section llI-A the likelihood for evaluation of stereo
matchesvasde ned, but thereremainedhe issueof usingthe
statisticsof labelled, matcheddatasetsto justify the detailed
model,and x the valuesof parameters and Ng. We start
from the matchingcost UM de ned in (11), in termsof the
NSSDN. As are nement,we furtherallow for subpidel offset
by parabolicinterpolation,along epipolarlines, of the NSSD
values

N(Lm: Ry )i N(LR;

m?

Rn); N(Lf;

i RE)
at successie pixels, and take the minimum value of the
parabolato replacethe value of N (LP; RF). This subpbel
re nementwas found to improve error ratesmildly, and was
similarin effectto alternative interpolationscheme$34], [35].
This steredik elihoodmodel,basedon NSSDwith subpixel
interpolation, has been tested againstthe Middlebury data-
sets[36] andfound to be reasonable— examplesof results
aregivenin gure 13a).Importantly linearregressioranalysis
on UM asa function of N vyields as the slopeand Ng
asthe intercept,from (10). This gives useful working values
for , which turns out to be quite consistent,acrossdata
sets,at around = 10. 2 For the parameterNy, the data
analysisyields a value of approximately0.3, comparedwith
thediscriminatively optimalvalueN = 0:35from sectionVI.
As it has been more corventional [24] in stereoto use
SSD as a match-costratherthan 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 thatthe UM -characteristids more consistent
acrosglatasetsfor NSSDthanfor SSD.Henceit is reasonable
to x the parameterausedto model the log-likelihood-ratio
in the NSSD case,whereasfor SSD, the parametersvould
needto be allowed to adapt— an addedsystemcomplexity.
The secondis that the linearity apparentfor NSSD is absent
for SSD. Thereforethe statisticalevidencedoesnot support
the corventional 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 andconsisteng of the
likelihood for NSSD are reasonswhy we prefer to assume
NSSD as the sufcient statistic for discriminating matches
from mismatches.

B. VIEWING GEOMETRY AND ITS INFLUENCE ON
TRANSITION ENERGIES

This brief sectionexplains the formula (19) for the LDP
enepgy coefcient ag, andits claimeddependencen viewing
geometry

3From monochrome&omponentsf the 8 imagesin the Middlebury set,we
obtain = 10:5 1:5for5 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 shavn for stereomatchesplotted here(a) asa
function of the NSSD measureN (LP; RP), usingthe groundtruth stereodatafrom three of the Middlebury datasets[36]
= 0, where the matched/unmatchellypothesis
switches,and hencediscriminationis mostcritical. The more commonlyusedSSD measurds also analysed(b) but givesa

(“cones”, “teddy”, and “sawtooth”). Note the linearity in the region of UM

non-linearUM, which is also lessconsistentacrossdatasets.

Assume an average slope magnitudeof 1, for a visible
surface,in 3D viewer-centredcoordinatesin cyclopeanmatch
spacecoordinatesd; k, this slope scalesto a slope of B=D
whereB is the stereobaselineand D is the nominaldistance
from objectto viewer. From gure 4, this implies:

> % . 2, 29)
exp ¢¢ D
theratio of probabilitiesfor following an R-matchforeground
transition with anotherof the same,vs. switching to an L-
matchtransition. This is simply because strictly alternating
sequencef L-match and R-matchcorresponddo a constant
disparity trajectory a 45° line in match space( gure 3),

and hencea line of gradientO in cyclopean coordinates.

Allowing one repeatedstep,out of M otherwisealternating
steps generatespy straightforvard trigonometry a line in

match-spacef gradientl=M , in cyclopeand;k coordinates.

Now setM = D=B to arrive at (29).
Finally, combining (29) with (21) andb: = logWg (18),
givesthe result(19).



