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Abstract. The problemof interactive foreground/backgroundegmentationin
still imagesis of greatpracticalimportancein imageediting. The stateof theart
in interactive sggmentatioris probablyrepresentetly the graphcut algorithmof
Boykov andJolly (ICCV 2001).Its underlyingmodelusesboth colourandcon-
trastinformation, togetherwith a strongprior for region coherenceEstimation
is performedby solvinga graphcut problemfor which very ef cient algorithms
have recentlybeendeveloped.However themodeldepend®n parametersvhich
mustbe setby handandthe aim of this work is for thoseconstantgo belearned
from imagedata.

First,ageneratie, probabilisticformulationof the modelis setoutin termsof a
“GaussianMixture Markov RandomField” (GMMRF). Secondlya pseudolile-
lihood algorithmis derivedwhichjointly learnsthecolourmixtureandcoherence
parameteror foregroundandbackgroundespectrely. Error ratesfor GMMRF
segmentatiorarecalculatedhroughoutusinga new imagedatabasegvailableon
the web, with groundtruth provided by a humansegmenter The graphcut al-
gorithm,usingthelearnedparametergjenerategoodobject-sgmentationsvith
little interaction.However, pseudolilelihood learningprovesto be frail, which
limits thecomplexity of usablemodels andhencealsothe achiezableerrorrate.

1 Intr oduction

The problemof interactive imagesegmentations studiedherein the framewvork used
recentlyby others[1-3] in whichtheaim s to separatewith minimal userinteraction,
a foregroundobjectfrom its backgroundso that, for practicalpurposesit is available
for pastinginto a new context. Somestudied[1, 2] focuson inferenceof transpareng
in orderto dealwith mixed pixels andtransparentexturessuchashair. Otherstudies
[4, 3] concentraten capturingthetendeng for imagesof solid objectsto be coherent,
via Markov RandomField priorssuchastheIsing model.In this setting the segmenta-
tion is “hard” — transparengis disalloved. Foregroundestimatesindersuchmodels
canbe obtainedin a preciseway by graphcut, andthis cannow be performedvery
efciently [5]. This hasapplicationto extractingthe foregroundobjectintact, evenin
camou age— whenbackgroundand foregroundcolour distributions overlapat least
in part. We have not comeacrossstudiesclaimingto dealwith transparengandcam-
ou age simultaneouslyandin our experiencethisis avery dif cult combinationThis
paperthereforeaddresseshe problemof hard segmentationproblemin camou age,
anddoesnotdealwith thetransparengissue.
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The interactive segmentationproblem The operationof adaptve sggmentationby
our model,termeda “GaussianMixture Markov RandomField” (GMMRF), is illus-
tratedby thefollowing example. Thedesiredobjecthasbeencleanlyseparatedrom its
backgroundvith a modestamountof userinteraction( gure 1). Strippingaway details

@) (b) (© (d)

Fig. 1. lllustrating the GMMRF algorithm for interactive segmentation.The userdraws a
fat pentrail enclosingthe objectboundary(a), markedin blue Thisde nesthe “trimap” with
foreground/bakground/unclassi edabels. The GMMRF algorithm produces(b). Missingparts
of theobjectcanbeaddedef ciently: theuserroughlyappliesa foregroundbrush(c), markedin
blug andthe GMMRF methodaddsthe wholeregion (d).

of userinteraction the basicprobleminput consistsof animageandits “trimap” asin
gure la).Thetrimapde nestrainingregionsfor foregroundandbackgroundandthe
sementatioralgorithmis thenappliedto the “unclassi ed” region asshawn, in which
all pixelsmustbe classi ed foregroundor backgroundasin g. 1b).Theclassi cation
procedureneedgo apply:

— jointly acrosghosepixels;

— matchingthelabelsof adjoininglabelledpixels;

— usingmodelsfor colourandtexturepropertief foregroundandbackgroundgixels
learnedfrom therespectie trainingregions;

— bene ting from ary generalnotionsof region coherencehat can be encodedn
prior distributions.

2 Generative modelsfor interactive segmentation

This sectionreviews generatie modelsfor two-layer (foreground/backgsund) colour
imagesin orderto arrive at the simplestcapable probabilisticmodel for interactve
segmentation— the contrast-sensitivdesSMMRF. A generatie, probabilisticmodelfor
imagepixel datacanbe expressedn termsof colourpixel data , opacityvariables ,
opacityprior anddatalik elihoodasfollows.
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Image isanarrayof colour(RGB)indexedby the (single)index

with correspondindniddenvariablesfor transpareng , andhidden
variablesfor mixture index . Eachpixel is consideredjn general,
to have beengeneratecsan additive combinationof a proportion  ( )
of foregroundcolour with a proportion of backgroundcolour[2, 1]. Herewe
concentratattentionon the hardsegmentationproblemin which — binary
valued.

Gibbsenergy formulation Now theposteriorfor is givenby

1)
and
— 2
This canbe written asa Gibbsdistribution, omitting the normalisingconstant
whichis anyway constanwith respecto
— 3)
Theintrinsicenegies and encodehe prior distributions:
(4)
andtheextrinsicenegy de nesthelikelihoodterm
— 5)

Simple colour mixtur eobsewvation lik elihood A simpleapproactio modellingcolour
obsenationsis asfollows. At eachpixel, foregroundcolouris consideredo be gener
atedrandomlyfrom oneof  Gaussiarmixture componentsvith mean and
covariance from theforeground,andlik ewisefor the background:

(6)

andthecomponent$iave prior probabilities
(7)

Theexponentiakoefcient for eachcomponentreferredo hereasthe“extrinsicenegy
coefcient” is denoted . The correspondingextrinsic termin
the Gibbsenengy is givenby

(8)
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(9)

A usefulspecialcaseis theisotropic mixturein which
Notethat,for apixelwise-independeriik elihoodmodelasin (6), thepartltlonfunc-
tion for the likelihood decomposesultiplicatively acrosssites . Sincealsothe
partition function  for the prior is alwaysindependenbf , the MAP estimateof
canbe obtained(3) by minimising with respectto  andthis canbe
achievedexactly, giventhat s binaryvaluedhere,usinga“minimum cut” algorithm
[4] which hasrecentlybeendeveloped[3] to achiese goodseggmentationin interactive
time (aroundl secondor a image).

Simple opacity prior (No spatial interaction) The simplestchoiceof a joint prior
is the spatiallytrivial one,decomposingnto a productof maminals

with, for example, uniform over (hard opacity) or
(variabletranspareng). This is well known [3] to give poor resultsand this will be
quanti ed in section5.

Ising Prior In orderto corvey a prior on object coherence, can be spatially
correlatedfor exampleviaa rst orderGauss-Markv interaction6, 7] as,for example,
in thelsing prior:

(10)

where denotegheindicatorfunctiontakingvalues  for apredicate , andwhere

is thesetof all cliquesin the Markov network, assumedo betwo-pixel cliqueshere.
The constant is theIsing parameter determiningthe strengthof spatialinteraction.
The MAP estimateof  canbe obtainedby minimising with respecto  the Gibbs
enegy (3) with asbefore,andthelsing (10). This canbe achieved exactly, given
that is binaryvaluedhere,usinga“minimum cut” algorithm[4]. In practice[3] the
homogeneouMRF succeedin enforcingsomecoherenceasintended put introduces
“Manhattan”artefactsthatpointto the needfor a moresubtleform of prior and/ordata
likelihood,andagainthisis quanti ed in section5.

3 Incorporating contrast dependence

The Ising prior on opacity beinghomogeneouss a ratherblunt instrumentandit is
convincingly argued[3] that a “prior” that encourage®bject coherenceonly where
contrastis low, is far more effective. However, a “prior” thatis dependenbn datain
thisway (dependentn datain thatimagegradientsarecomputedrom intensities ) is
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not strictly a prior. Herewe encapsulatéhe spirit of a contrast-sensite “prior” more
preciselyasa gradientdependeniik elihoodtermof the form

(11

where is afurthercoherencearametein a Gauss-Markv processover .

It turns out that the contrastterm introducesa new technicalissuein the data-
likelihoodmodel:long-rangenteractionsareinducedhatfall outsidethe Markov frame-
work, andthereforestrictly fall outsidethe scopeof graphcut optimisation.Thelong-
rangeinteractionis manifestedn the partitionfunction  for thedatalikelihood.This
is anincornvenientout inescapableonsequencef theprobabilisticview of thecontrast-
sensitve model.While it imperilsthe graphcut computatiorof the MAP estimateand
thiswill beaddresseth duecoursecorrecttreatmenof thepartitionfunctionturnsout
to be critical for adaptivity. This is becausef the well-known role of partition func-
tions[7] in parameterearningfor Gibbsdistributions.Note alsothatrecentadvances
in DiscriminativeRandonFields[8] which canoftencircumventsuchissuesturn out
notto beapplicableto usingthe GMMRF modelwith trimaplabelling.

3.1 Gibbsenemy for contrast-sensitve GMMRF

A modi ed Gibbsenengy thattakescontrastinto accountis obtainedby replacingthe
term in (10) by

- (12)

which relaxesthetendeng to coherencavhereimagecontrasts strong. The constant
is supposedo relateto  via obsenationnoiseandwe set

- 13)

where denotesexpectationover the testimage sample,and taking the constant
is justi ed later.

The resultsof minimising (neglecting — seelater) gives

considerablyimproved sggmentatiorperformancg3]. In our experience‘Manhattan”
artefactsaresuppressetly thereducedendeny of segmentatiorboundariego follow
Manhattargeodesicsin favour of following linesof high contrastResultsin section5
will con rm quantitatvely the performancegain.

3.2 Probabilistic model

In thecontrast-sensiteversionof theGibbsenepgy, theterm  nolongercorresponds
toapriorfor ,asit didin thehomogeneousase(10). TheentireGibbsenegy is now

- (14)



6 Blake etal.

Addinga“constant”term

- (15)

to hasno effect on the minimum of w.r.t. , andtransformsthe problemin a
helpfulway aswe will see Theadditionof (15) gives where istheearlier
Ising prior (10) andnow  is givenby

— (16)

with separatéextureconstants for foregroundandbackgroundespectiely. This
is afully generatie, probabilisticaccountof the contrast-sensite model,cleanlysep-
aratingprior andlikelihoodterms.Transforming by theadditionof the constanterm
(15) hashadseveral bene cial effects. First it separateshe enegy into a component
whichis active only at foreground/backgound region boundariesanda component
whosecontrastterm actsonly within region. It is thusclearthatthe parameter is
a textural parameter— andthatis why it makes senseto learn separatgparameters
. Secondlywhen,for tractability in learning,the Gibbsenegy is approximated
by aquadraticenegy in thenext sectiord, thetransformations in factessentiafor the
resultingdata-likelihoodMRF to be proper (ie capableof normalisation).

Infer ence of foreground and background labels from posterior Giventhat is
now dependentn and simultaneouslythepartitionfunction  for thelikelihood,
which was a locally factorisedfunction for the simplelikelihood modelof section2,
now containsnon-localinteractionsover . It is nolongerstrictly correctthatthe pos-
terior canbe maximisedsimply by minimising . Neglectingthe partition
function  in thisway canbejusti ed, it turnsout, by a combinationof experiment
andtheory— seesection6.
MAP inferenceof is thereforedoneby applyingmin cut asin [3] to the Gibbs

enegy . For this stepwe caneithermaminaliseover , or maximizewith respecto

, thelatter beingcomputationallycheapeandtendingto producevery similar results
in practice.

4 Learning parameters

This sectionaddressethe critical issueof how mixture parameters ,

and canbelearnedrom datasimultaneouslyvith coherencg@arameters

In the simple uncoupledmodel with for mixture parametersan
be learnedby corventionalmethodsput whencoherencgarametersre switchedon,
learningof all parameterss couplednon-trivially.
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4.1 Quadratic approximation

It would appearthatthe exponentialform of  in (16) is an obstacleto tractability of
parametetearning,andsothe questionariseswhetherit is an essentiatomponenbf
themodel.Intuitively it seemsvell choserbecausef theswitchingbehaiour built into
theexponentialthatswitcheghemodelin andout of its “coherent’mode.Nonetheless,
in theinterestof tractabilitywe usea quadratiapproximationsolelyfor theparameter
learningprocedureTheapproximatedorm of the extrinsic enegy (16) becomes:

7)

andtheapproximatioris goodprovided

Learning Note that sincethe labelled data consiststypically of separatesetsof
foregroundandbackgroundoixelsrespectiely (g la,b)thereis no training datacon-
taining the boundarybetweerforegroundand backgroundThereis thereforeno data
over which the Ising term (10) canbe obsered, since no longerappearsn the ap-
proximated .Therefore cannotsimplybelearnedrom trainingdatain thisversion
of theinteractive segmentatiorproblem.However for the switchingof the exponential
termin (16) to actcorrectlyit is clearthatwe musthave

— (18)

throughoutregionsof homogeneousexture so, over backgroundor instanceywe must
have , Whichis alsothe conditionfor goodquadraticapproximation
above. Given that the statisticsof arefoundto be consistentlyGaussiarin
practice thisis securedy (13).

4.2 Pseudolikelihood

A well establishedechniqudor parameteestimatiorin formally intractableMRFslike
this oneis to introducea “pseudolilelihoodfunction” [6] andmaximiseit with respect
to its parametersThe pseudolilelihoodfunctionhastheform

(19)

where  will becalledthe “pseudo-enagy”, andnotethat is free of ary partition
function.Thereis noclaimthat itself approximateshetruelik elihood,but that,under
certaincircumstancests maximumcoincidesasymptoticallywith thatof thelik elihood
[7] — asymptoticallythatis, asthesizeof thedata tendstoin nity . Strictly theresults
applyfor integervaluedMRFs, soformally we shouldconsider to beintegervalued,
andafterall it doesrepresena setof quantisedtolourvalues.

Following [7], thepseudo-engyy is de nedto be

(20)
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where — theentiredataarrayomitting . Now
(21)

by the Markov property where is the “Markov blanket” at grid point — the set
of its neighboursn the Markov model. For the earlierexampleof a rst-order MRF,

simply containsthe N, S, E, W neighboursof . Taking into accountthe earlier
detailsof the probability distribution overthe Markov structurejt is straightforvardto
be shaw that,overthetraining set

(22)
where

(23)
Terms from have beenomittedsincethey do not occurin thetraining

setsof thetype usedhere(g 1), asmentionedbefore.Finally, the pseudo-lilelihood
enegy function

(24)

and is the (local) partitionfunction.

4.3 Parameter estimation by autoregressionover the pseudolikelihood

It is well known that the parameter®f a GaussiarMRF canbe obtainedfrom pseu-
dolikelihoodasanauto-rgressiorestimatd9]. For tractability, we split the estimation
problemupinto problemspnefor eachforegroundandbackgroundmixture com-
ponenttreatedndependentlyxceptfor sharingcommonconstants and . For this
purposethe mixtureindex  ateachpixel is determinedsimply by maximisationof
thelocallikelihood:

(25)

Further for tractability, we restrictthe data to thosepixels (muchthe majority in
practice)whoseforeground/backgoundlabel agreeswith all its neighbours— ie the
for which

Obsenables with agivenclasslabel andcomponenindex arethendealtwith
togetherin accordancevith the pseudolilkelihoodmodelabove, asvariablesfrom the
regression

- N (26)

where
— (27)
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and . Themeancolouris estimatedsimply as
- (28)
where denotesthe samplemeanover pixels from class andwith component
index .Wecansolvefor and usingstandardinearregressiorasfollows:
- - - - (29)
and
N - (30)

Lastly, model parameterdor eachcolour componentfor instanceof the back-
ground,shouldbe obtainedo satisfy

(31)
(32)
N (33)

andsimilarly for theforeground.

Notetherearesometechnicalproblemshere Firstis that(31) representaconstraint
thatis not necessarilysatis edby and , andsothe regressiomeedsto be solved
underthis constraint.Seconds thatin (32) shouldbe positive de nite but
this constraintwill not automaticallybe obeyed by the solutionof the autoreyression.
Thirdly thatonevalueof  needsto satisfythe setof equationsabove for all back-
groundcomponentsThe rst problemis dealtwith by restricting to beisotropicso
that and mustalsobeisotropicandtheentiresetof equationsresolvedstraightfor
wardly underisotropy constraints(In otherwords,eachcolourcomponents regressed
independenthof the others.)It turnsout thatthis alsosolvesthe secondoroblem.An
unconstrainedautorgressionon typical naturalimage data, with generalsymmetric
matricesfor the , will, in our experience pften leadto a non-positve de -
nite solutionfor andthis is unusablein the model.Curiouslythis problem
with pseudolilelihoodandautorgeressiorseemsiot to be generallyacknavledgedin
standardexts [7, 9]. Empirically however we have found thatthe problemceasesvith
isotropic , andsowe have usedthis throughoutour experimentsThe useof
isotropiccomponentseemshotto have mucheffecton quality providedthat,of course,
a larger numberof mixture componentsnustbe usedthanfor equivalentperformance
with generabymmetriccomponent-matricefastly, thetyingof =~ acrossomponents
canbe achieved simply by averagingpost-hog or by applyingthe tying constraintex-
plicitly aspartof theregressiorwhichis, it turnsout, quitetractable(detailsomitted).

5 Results

Testingof the GMMRF sggmentationalgorithmsusesa databasef  images.We
compareheperformancef: i) Gaussiarcolourmodelswith no spatialinteraction;ii)

thesimplelsing model;iii) thefull contrast-sensite GMMRF modelwith x edinter-

actionparameter ; iv) thefull GMMRF with learnedparametersResultsareobtained
using -connectvity, andisotropicGaussiammixtureswith componentgsthe
datapotentials
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Fig. 2. (a,d) Twoimagesfromthetestdatabase(b,e)Userde nedtrimap with foreground(white),
badkground (black) and unclassi ed(grey). (c,f) Experttrimap which classi espixelsinto fore-
ground(white),badground(black) and unknown(grey); unknownhetre refers to pixelstoo close
to the objectboundaryfor the expertto classify includingmixedpixels.

Test Database The databaseontains trainingand testimages,available on-
linel. The databaseontrastswith the form of groundtruth suppliedwith the Berkeley
databasewhich is designedo testexhaustve, for bottomup segmentatior{10]. Each
imagein our databaseontainsa foregroundobjectin a naturalbackgroundenviron-
ment(see g. 2). Sincethe purposeof the datasets to evaluatevariousalgorithmsfor
hard imagesegmentationpbjectswith noor little transparengareused.Consequently
partly transparendbjectslik e trees hair or glassarenotincluded.Two kindsof labeled
trimapsare assignedo eachimage.The rst is the usertrimapasin g. 2(b,e).The
seconds an “experttrimap” obtainedfrom painstakingracingof objectoutlineswith
a ne pen(g. 2(c,f)). The ne pen-trail covers possiblymixed pixels on the object
boundaryThesepixelsareexcludedfrom the errorratemeasureseportedbelow, since
thereis no de niti ve groundtruth asto whetherthey areforegroundor background.

Evaluation Seymentatiorerrorrateis de ned as

(34)
where“misclassi ed pixels” excludesthosefrom the unclassi edregion of the expert
trimap. This simple measuremeris sufcient for a basicevaluationof sggemntation

! http://www.research.microsoft.com/vision/cambridggfsentation/
2 http://www.cs.berkeley.edu/projects/vision/groupinggeench/
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performancelt might be desirableat somelater dateto devise a secondneasurahat
quanti esthe degreeof usereffort thatwould berequiredto correcterrors,for example
by penalisingscatteredtrrorpixels.

Error rate (%)

0 200 400 9

w ~ 00 O
1

Fig. 3. Theerror rateonthetrainingsetof  images,usingdifferentvaluesfor . Theminimum
error is achievedfor . TheGMMRFmodelusesisotropic Gaussiangnd -connectivity

Testdatabasescores In orderto comparehe GMMRF methodwith alternatve meth-
ods,a x edvalueof the Ising parameter is learneddiscriminatvely by optimising

performanceverthetrainingset( g. 3), giving avalueof . Thentheaccompa-
nying constants x edasin (13). For full Gaussiangnd -connectvity thelearned
valuewas . The performanceon the testsetis summarizedn gure 4 for the
Seggmentatiormodel Errorrate
GMMRF; discriminatively learned ( full Gaussian)
LearnedGMMRF parameter$ isotropicGauss.) %
GMMRF; discriminatively learned ( isotropicGaussian) %
Stronginteractionmodel( ; isotropicGaussian) %
Ising model( ; isotropicGaussian) %
Simplemixture model— no interaction( isotropicGaussian) %

Fig. 4. Error rateson thetestdatasetfor differentmodelsand parameterdeterminatiorregimes.
For isotropic Gaussiansthe full GMMRF modelwith learnedparametes outperformsboth the
full modelwith discriminativelylearnedparametes, and simpleralternativemodels.However,

exploiting a full Gaussiamrmixture modelimprovesresultsfurther.

variousdifferentmodelsandlearningproceduresResultsfor the two imagesof gure
2 from thetestdatabaseareshavnin gure 5. As mightbeexpectedmodelswith very
strongspatialinteraction,simplelsing interaction,or without ary spatialinteractionat
all, all performpoorly. Themodelwith no spatialinteractionhasatendeng to generate
mary isolated,segmentedregions(see g. 5). A stronginteractionmodel( )
hastheeffectof shrinkingthethe objectwith respecto thetruesegmentationThelsing
model,with setby hand,givesslightly betterresults but introduces‘Manhat-
tan” arteficts— theborderof thesegmentatioroftenfailsto correspondo imageedges.
Theinferiority of thelsingmodelandthe“no interactionrmodel” hasbeendemonstrated
previously [3] but hereis quanti ed for the rst time.
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In contrastthe GMMRF modelwith learned is clearly superior For isotropic
Gaussiangind -connectvity the GMMRF modelwith parametergearnedby the new
pseudolilelihood algorithmleadsto slightly betterresultsthan using the discrimina-
tively learned .

Thelowesterrorrate,however, wasachiezedusingfull covarianceGaussiang the
GMMRF with discriminatively learned . We wereunableto comparewith pseudolile-
lihood learning;the potentialinstability of pseudolilkelihoodlearning(section4) turns
outto beanoverwhelmingobstaclevhenusingfull covarianceGaussians.

6 Discussion

We have formalisedthe enegy minimizationmodelof Boykov andJolly [3] for fore-

ground/backgroundeggmentatiorasa probabilisticGMMRF anddevelopeda pseudo-
likelihoodalgorithmfor parametetearning.A labelleddatabaséasbeenconstructed
for this taskandevaluationshave corroboratedandquanti ed the valueof spatialinter-

actionmodels— thelsing prior andthecontrast-sensite GMMREF. Further evaluation
hasshownn that parametetearningfor the GMMRF by pseudolikelihoodis effective.

Indeed,it is alittle more effective thansimplediscriminatve learningfor a compara-
ble model(isotropicGMMRF); but the frailty of pseudolilelihoodlearninglimits the

compleity of modelthatcanbe used(eg full covarianceGMMREF is impractical)and
thatin turn limits achiezableperformanceA numberof issuesemainfor discussion,
asfollows.

DRF. — the Discriminatve RandomField model[8] hasrecentlybeenshowvn to be
very effective for image classi cation tasks.It hasthe greatvirtue of banishingthe
issuexoncerninghelik elihoodpartitionfunction  thataffectthe GMMRF. However
it canbe shavn thatthe DRF formulation cannotbe usedwith the form of GMMRF
developedhere,and trimap labelled data, becausahe parametedearningalgorithm
breaksdown (detailsomittedfor lack of space).

Line process. The contrast-sensite GMMRF hassomesimilarity to thewell known
line processmodel[11]. In factit hasanimportantadditionalfeature thatthe obsera-
tion modelis a non-trivial MRF with spatialinteraction(the contrasterm),andthisis
acrucialingredientin the succes®f contrast-sensite GMMRF segmentation.

Lik elihood partition function. As mentionedin section3.2, the partition function
depend®n andthisdependengshouldbetakeninto accountwhensearchinghe
MAP estimateof . However, for thequadraticallyapproximatedxtrinsicenegy (17),
this partition functionis proportionalto the determinanf a sparseprecisionmatrix,
which canbe numericallycomputedfor given parameterand . Within the rangeof
valuesusedin practicefor the differentparametersye found experimentallythat

(35)

with  varyingwithin arange . Hence by ignoring in theglobalenepgy
to be minimised,we assumeémplicitly thatthe prior is effectively Ising with slightly



Interactve sgmentatiorby GMMRF 13

wealer interactionparameter . Sincewe have seenthat graphcut is relatively
insensitve ( g. 3)to perturbationsn , thisjusti es neglectof theextrinsic partitionfn
andtheapplicationof graphcut to the Gibbsenegy alone.

Adding parametersto the MRF. It might seemthatsegmentatiorperformanceould

beimprovedfurther by allowing moregeneralMRF models.They would have greater
numbersof parametersmore than could reasonablybe set by hand,and this ought
to presshomethe adwantageof the new parametetearning capability We have run

preliminaryexperimentswith i) spatiallyanisotropicclique potentialsiji) largerneigh-
bourhoodg8-connectedpndiii) independentunpooledforegroundand background
texture parameters and  (using min cut over a directedgraph).However, in all

caseserrorratesweresubstantiallyworsenedA detailedanalysisof theseissuess part
of futureresearch.
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GMMREF; ; full Gauss. GMMRF; learned
% %
Ising model; Stronginteraction;
% %
GMMREF; ; full Gauss. GMMREF; learned
% %

Stronginteraction;
% %

Ising model;

GMMREF;
%

No interaction
%

GMMREF;
%

No interaction
%

Fig. 5. Resultsfor variousseggmentatioralgorithms(see g . 4) for the two imagesshownin g.

2. For bothexamplesthe error rateincreasesromtop left to bottomright. GMMRF with pseu-
dolikelihoodlearning outperformghe GMMRFwith discriminativelylearned parametes, and
thevarioussimpleralternativemodels Thebestresultis achievedhowever usingfull covariance

Gaussiananddiscriminativelylearned .



