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Abstract

In this papemwe presenDiscriminatve RandonFields(DRF),adiscrim-
inative framework for theclassi cationof naturalimageregionsby incor

poratingneighborhoodpatialdependenciem the labelsaswell asthe
obseneddata.The proposednodelexploits local discriminative models
andallows to relax the assumptiorof conditionalindependencef the
obsened datagiven the labels,commonlyusedin the Markov Random
Field (MRF) framework. The parametersf the DRF modelarelearned
usingpenalizednaximumpseudo-lilkelihoodmethod. Furthermorethe
form of the DRF modelallows the MAP inferencefor binary classi ca-
tion problemsusingthe graphmin-cut algorithms. The performanceof

themodelwasveri ed onthesyntheticaswell asthereal-world images.
The DRF modeloutperformshe MRF modelin the experiments.

1 Intr oduction

For theanalysisof naturalimagesit is importantto usecontectual informationin theform
of spatialdependenciem images.In a probabilisticframework, this leadsoneto random
eld modelingof theimages.In this paperwe addresghe main challengeinvolving such
modeling,i.e. how to modelarbitrarily complex dependencie the obseredimagedata
aswell asthelabelsin a principledmanner

In theliterature,Markov RandomField (MRF) is a commonlyusedmodelto incorporate
contetual information[1]. MRFsaregenerallyusedin a probabilisticgeneratie frame-
work thatmodelsthe joint probability of the obsened dataandthe correspondindabels.
In otherwords, lety bethe obsered datafrom aninputimage,wherey = fy,gi,s, Y;
is the datafrom i site,andS is the setof sites. Let the correspondindabelsat the im-
agesitesbegivenby x = fx;g,, 5. In the MRF framework, the posteriorover the labels
given the datais expressedusingthe Bayes'rule as,p(xjy) / p(x;y) = p(x)p(yjx)
wherethe prior over labels,p(x) is modeledasa MRF. For computationatractability, the
obsemtim@?r likelihoodmodel,p(yjx) is usuallyassumedo have a factorizedform, i.e.
plyjx) = o5 P(Y;ixi)[1][2]. However, asnotedby several researcherf3][4], this as-
sumptionis too restrictive for theanalysisof naturalimages.For example,consideraclass
that containsman-madestructureqe.g. buildings). The databelongingto sucha classis
highly dependenbnits neighborssincethelinesor edgesatspatiallyadjoiningsitesfollow



someunderlyingorganizationrulesratherthanbeingrandom(SeeFig. 2). Thisis alsotrue
for alarge numberof texture classeshataremadeof structuredpatterns.

Someefforts have beenmadein the pastto modelthe dependenciem the data[3][4], but

they make factoredapproximationsof the actuallikelihood for tractability In addition,
simplisticformsof thefactorsprecludecapturingstrongerelationshipsn theobsenations
in the form of arbitrarily complex featuresthat might be desiredto discriminatebetween
differentclassesNow consideringa differentpoint of view, for classi cationpurposesywe

areinterestedn estimatingthe posteriorover labelsgiven the obsenrations,i.e., p(Xjy).

In a generatre frameavork, one expendsefforts to model the joint distribution p(x;y),

which involvesimplicit modelingof the obserations. In a discriminative framework, one
modelsthedistribution p(xjy) directly. As notedin [2], a potentialadwantageof usingthe

discriminatve approachs thatthetrueunderlyinggeneratre modelmaybe quitecomplex

even thoughthe classposterioris simple. This meansthat the generatie approachmay
spenda lot of resourceon modelingthe generatre modelswhich are not particularly
relevantto thetaskof inferringtheclasdabels.Moreover, learningtheclassdensitymodels
may becomesven harderwhenthetrainingdatais limited [5].

In this work we presenta Discriminative RandomField (DRF) modelbasedon the con-
ceptof ConditionalRandomField (CRF) proposedby Lafferty etal. [6] in the contet of
segmentationandlabelingof 1-D text sequencesThe CRFsdirectly modelthe posterior
distribution p(xjy) asa Gibbs eld. This approachallows oneto capturearbitrary de-
pendenciebetweerthe obserationswithout resortingto ary modelapproximationsOur
modelfurther enhanceshe CRFsby proposingthe useof local discriminatve modelsto
capturethe classassociationst individual sitesaswell asthe interactionsin the neigh-
boringsiteson 2-D grid lattices. The proposednodelusesocal discriminatve modelsto
achieve the site classi cation while permittinginteractionsin both the obsered dataand
thelabel eld in aprincipledmanner Theresearcipresentedh this paperalleviatesseveral
problemswith the previousversionof the DRFsdescribedn [7].

2 Discriminative Random Field

We rst restatein our notationsthe de nition of the ConditionalRandomFieldsasgiven
by Lafferty etal. [6]. In this work we will be concernedwith binary classi cation, i.e.
xi 2 f 1;1g. Lettheobsereddataatsitei, y; 2 <°.

CRF De nition : LetG = (S;E) beagraphsud thatx is indexedby the verticesof G.
Then(x;y) is saidto be a conditionalrandom eld if, whenconditionedony, the ran-
domvariablesx; obey the Markov propertywith respecto thegraph: p(xijy;Xst ig) =
p(Xijy;Xn;), whee S figis thesetof all nodesin G exceptthenodei, N; is the setof
neighbos of thenodei in G, andx representshesetof labelsat thenodesn set .

ThusCRFis arandom eld globally conditionedon the obsenationsy. The conditionof
positivity requiringp(xjy) > 0 8 x hasbeenassumedmplicitly. Now, usingthe Hammesr
sley Clifford theorenm1] andassumingnly up to pairwiseclique potentialso benonzero,
thejoint distribution overthelat())elsx giventhe obserationsy canbewiitten as,

1 X X X
p(xjy)= zexp@ Ai(xiy)+ L (i3 %y 1)
i2s i2Sj2N |

whereZ is anormalizingconstanknown asthe partitionfunction,and-A; and-1; arethe
unaryand pairwisepotentialsrespectiely. With a slight aluseof notations,in the restof
thepapemwewill call A; asassociatiorpotentialandl j asinteractionpotential Notethat
both the termsexplicitly dependon all the obserationsy. In the DRFs,the association
potentialis seenasa local decisiontermwhich decideghe associatiorof a givensiteto a
certainclassignoringits neighbors.The interactionpotentialis seenasa datadependent



smoothingfunction. For simplicity, in the restof the paperwe assumehe random eld
givenin (1) to be homogeneouandisotropic,i.e. thefunctionalformsof A; andl; are
independenbf the locationsi andj . Henceforthwe will leave the subscriptsaandsimply
usethenotationsA andl . Notethattheassumptiorof isotropy canbeeasilyrelaxedatthe
costof afew additionalparameters.

2.1 Associationpotential

In theDRFframework, A(X;;y) is modeledusingalocal discriminative modelthatoutputs
the associatiorof the site i with classx;. Generalized.inear Models (GLM) are used
extensvely in statisticsto modelthe classposteriorggiventhe obsenations[8]. For each
sitei, let f ;(y) be a function thatmapsthe obsenationsy on a featurevectorsuchthat
f,:y! <! Usingalogisticfunctionasthelink, thelocal classposteriorcanbe modeled
as,

1

+e worwif (y)

wherew = fwp;w;g arethe modelparametersTo extendthe logistic modelto inducea

nonlineardecisionboundaryin the featurespacea transformedeaturevectorat eachsite

iisdenedas,hi(y) = [L 1(fi(y));:::; r(fi(¥)]T where ((:) arearbitrarynon-

linearfunctions. The rst elementof the transformedrectoris keptas1 to accommodate
thebiasparametewy. Furthersincex; 2 f 1;1g, theprobabilityin (2) canbecompactly
expressedisP (xijy) = (x;wTh;(y)). Finally, theassociatiorpotentialis de ned as,

A(xi;y) = log( (xiw"hi(y)) ©)
Thistransformatiormakessurethatthe DRF yields standardogistic classi er if theinter
actionpotentialin (1) is setto zero. Note thatthe transformedeaturevectorat ead site
i,1.e. hj(y) is afunctionof whole setof obsenationsy. Onthe contrary theassumption
of conditionalindependencef the datain the MRF framework allows oneto usethe data
only from a particularsite,i.e. y; to getthelog-likelihood,which actsasthe association
potential.

P(xi = 1jy) = . (wo + wifi(y)) )

As arelatedwork, in the context of tree-structuredbelief networks, Fenget al. [2] used
the scaledlik elihoodsto approximatethe actuallikelihoodsat eachsite requiredby the
generatre formulation. Thesescaledlik elihoodswereobtainedby scalingthe local class
posteriordearnedusinga neuralnetwork. On the contrary in the DRF model,the local
classposterioris anintegral partof thefull conditionalmodelin (1). Also, unlike [2], the
parameter®f the associatiorand interactionpotentialare learnedsimultaneouslyin the
DRF framework.

2.2 Interaction potential

To modelthe interactionpotentiall , we rst analyzethe interactionpotentialcommonly
usedin the MRF framevork. Notethatthe MRF framewnork doesnot permittheuseof data
in the interactionpotential. For ahomogeneouandisotropiclsing model,the interaction
potentialis givenasl = x;X;, which penalizesvery dissimilarpair of labelsby the cost
[1]. This form of interactionpreferspiecavise constantsmoothingwithout explicitly
consideringdiscontinuitiedn thedata.In the DRF formulation,theinteractionpotentialis
afunctionof all theobsenationsy. We would like to have similar labelsat a pair of sites
for which the obsened datasupportssucha hypothesis.In otherwords,we areinterested
in learninga pairwisediscriminatve modelastheinteractionpotential.
Forapairof sites(i; j ), let  ( i(y); ;(y)) beanew featurevectorsuchthat ; :<
< I <9 where , :y! < .Denotingthisfeaturevectoras j (y) for simpli cation,
theinteractionpotentialis modeledas,

L(xi5%j5y) = xix vl (y) (4)



wherev arethe modelparametersNote thatthe rst componenbf i (y) is x edto be
1 to accommodaté¢he biasparameter This form of interactionpotentialis muchsimpler
thanthe oneproposedn [7], andmalkesthe parametetearninga corvex problem. There
aretwo interestingpropertiesof the interactionpotentialgivenin (4). First, if the associ-
ation potentialat eachsite andtheinteractionpotentialsof all the pairwisecliquesexcept
the pair (i; j ) aresetto zeroin (1), the DRF actsasa logistic classi er which yields the
probabilityof thesitepairto have thesamdabelsgiventheobsereddata.Secondthepro-
posedinteractionpotentialis a generalizatiorof the Ising model. The original Ising form
is recoveredif all thecomponent®f vectorv otherthanthe biasparametearesetto zero
in (4). Thus,theformin (4) actsasa data-dependemtiscontinuityadaptve modelthatwill
moderatesmoothingwhenthe datafrom the two sitesis 'different’. The data-dependent
smoothingcanespeciallybe usefulto absorbthe errorsin modelingthe associatiorpoten-
tial. Anisotropy canbeeasilyincludedin the DRF modelby parametrizinghe interaction
potentialsof differentdirectionalpairwisecliqueswith differentsetsof parameters.

3 Parameterlearning and inference

Let bethe setof DRF parametersvhere = fw;vg. Theform of the DRF model
resembleshe posteriorof the MRF framewvork assumingconditionallyindependentlata.
However, in the MRF framework, the parametersf the classgeneratre models,p(y;jx;)

andthe parametersf the prior random eld on labels,p(x) aregenerallyassumedo be
independenandlearnedseparatelyl]. In contrastwe make no suchassumptiormndlearn
all the parametersf the DRF simultaneously

Themaximumlik elihoodapproacho learnthe DRF parameterfvolvesevaluationof the
partition function Z which is in generala NP-hardproblem. One could useeither sam-
pling techniquesor resortto someapproximationse.g. pseudo-liklihoodto estimatethe
parametersin this work we usedthe pseudo-liklihoodformulationdueto its simplicity
and consisteng of the estimatedor the large lattice limit [1]. In@he pseudo-liklihood
approachafactoredapproximatioris usedsuchthat,P (xjy; ) s P(XiJXNi3 Yy ).
However, for the Ising modelin MRFs, pseudo-likelihoodtendsto overestimateheinter
actionparameter , causingthe MAP estimate®f the eld to be very poor solutions[9].
Our experimentsin the previous work [7] and Section4 of this paperverify theseobser
vationsfor the interactionparametersn DRFstoo. To alleviate this problem,we take a
Bayesiamapproachto getthe maximuma posterioriestimatef the parameters Similar
to the conceptof weight decayin neurallearningliterature,we assumea Gaussiarprior
over theinteractionparameters suchthatp(vj ) = N (v;0; ?1) wherel is theidentity
matrix. Using a prior over parametersv thatleadsto weight decayor shrinkagemight
alsobe bene cial but we leave thatfor future exploration. The prior over parametersv is
assumedo be uniformé Thus,givenM independentrainingimages,

M X < X = 1
b= argmax log (xiwThi(y)+  xixpvT (y) logz.  S5vTv (5)
m=1i2s’ j2N '
8 9
X < X =
where z = exp. log (xiw hi(y)+  xix;v' i (y).
x;2f  1;1g ’ j2N '

If isgiven,thepenalizedog pseudo-likelihoodin (5) is cornvex with respecto themodel
parameterandcanbe easilymaximizedusinggradientdescent.

As a relatedwork regarding the estimationof , Mackay[10] hassuggestedhe use of
type Il maginal likelihood. But in the DRF formulation, integrating the parametery
is a hard problem. Another choiceis to integrateout by choosinga non-informatve



hyperprioron asin [11] [12]. However our experimentsshaved that thesemethods
do notyield goodestimateof the parameterbecausef the useof pseudo-lilkelihoodin

our framework. In the presentwork we choose by cross-alidation. Alternative ways
of parameteestimationinclude the useof contrastve divergence[13] and saddlepoint
approximationgsesemblingperceptrorearningrules[14]. Wearecurrentlyexploringthese
possibilities.

The problemof inferenceis to nd the optimal label con guration x given animagey,
whereoptimality is de ned with respecto a costfunction. In the currentwork we usethe
MAP estimateasthe solutionto theinferenceproblem.While usingthe Ising MRF model
for the binary classi cation problems,exact MAP solution can be computedusing min-
cut/max- ow algorithmsprovided 0[9][15]. Forthe DRF model,the MAP estimates
canbe obtainedusingthe samealgorithms.However, sincethesealgorithmsdo not allow
negative interactionbetweerthe sites,the data-dependerstmoothingfor eachcliqueis set
to bev' j (Y) = maxto; vT i (Y)g, yielding an approximateMAP estimate. This is
equialentto switchingthe smoothingoff attheimagediscontinuities.

4 Experimentsand discussion

For comparisona MRF framewvork was also learnedassuminga conditionally indepen-
dentlikelihood and a homogeneousandisotropiclsing interactionmodel. So, the MRF

posterioris p(xjy) = Zptexp ;5 logp(si(yi)ixi) + s jan, XiXj where

is the interactionparameterands; (y;) is a single-sitefeaturevectorati™ site suchthat
si 1 y; ! <9 Notethats;(y;) doesnot take into accountin uence of the datain the
neighborhoodf i site. A rst orderneighborhood4 nearesneighborsywas usedfor
labelinteractionin all theexperiments.

4.1 Syntheticimages

The aim of theseexperimentswasto obtaincorrectlabelsfrom corruptedbinary images.
Four baseimages64 64 pixelseach,wereusedin the experimentstop row in Fig. 1).

We comparehe DRF andthe MRF resultsfor two differentnoisemodels.For eachnoise
model,50 imagesweregeneratedrom eachbaseimage. Eachpixel wasconsideredisan
imagesite andthe featurevectors; (y;) wassimply choserto be a scalarrepresentinghe
intensityati™" site. In experimentswith the syntheticdata,no neighborhoodiatainterac-
tion wasusedfor theDRFs(i.e. f ;(y) = si(y;)) to obsene thegainsonly dueto the useof

discriminative modelsin the associatiorandinteractionpotentials. A linear discriminant
wasimplementedn the associatiorpotentialsuchthath; (y) = [1;f ; (y)]". The pairwise
datavector ; (y) wasobtainedby taking the absolutedifferenceof s;(y;) ands; (y;).

For the MRF model,eachclass-conditionadlensity p(si (y;)jxi), wasmodeledasa Gaus-
sian.Thenoisydatafrom theleft mostbasemagein Fig.1wasusedfor trainingwhile 150
noisyimagesfrom therestof thethreebaseimageswereusedfor testing.

Threeexperimentsvereconductedor eachnoisemodel. (i) Theinteractionparameteror

theDRF (v) aswell asfor the MRF ( ) weresetto zero. Thisreduceghe DRF modelto a

logisticclassi erandMRF to amaximumlik elihood(ML) classi er. (ii) Theparametersf

theDREF i.e. [w; V], andthe MRF, i.e. , werelearnedusingpseudo-likelihoodapproach
without ary penaltyi.e. = 1 . (iii) Finally, the DRF parametersvere learnedusing
penalizedpseudo-likklihoodandthebest for the MRF waschoserfrom cross-alidation.
The MAP estimate®f thelabelswereobtainedusinggraph-cutgor boththe models.

Underthe rst noisemodel,eachimagepixel was corruptedwith independenGaussian
noise of standarddeviation 0:3. For the DRF parametelearning, was chosento be
0:01. The pixelwise classi cation error for this noisemodelis given in the top row of
Tablel. Sincetheform of noiseis the sameasthe likelihoodmodelin the MRF, MRF is



Tablel: Pixelwise classi cationerrors(%) on 150synthetictestimages.For the Gaussian
noiseMRF and DRF give similar error while for ‘bimodal' noise, DRF performsbetter
Notethatonly labelinteraction(i.e. no datainteraction)wasusedfor thesetests(seetext).

| Noise| ML  Logistc MRF(PL) DRF(PL) MRF DRF |
Gaussian| 1562 1578 1318 2949 235 230
Bimodal | 2400 2986 2270 2949 7.00 6:21

COM

Figure 1: Resultson syntheticimages. Fromtop, rst row:original images,secondrow:
imagescorruptedwith 'bimodal’ noise,third row: MRF results fourth row: DRF results.

expectedto give goodresults. The DRF modeldoesmauginally betterthanMRF evenfor
this case Notethatthe DRF andMRF resultsareworsewhenthe parametersverelearned
without penalizingthe pseudo-lilelihood (shawvn in Table 1 with sufx (PL)). The MAP
inferenceyields oversmoothedmagesfor theseparameters.The DRF modelis affected
morebecausall the parameterin DRFsarelearnedsimultaneouslynlike MRFs.

In the secondnoisemodel eachpixel was corruptedwith independenmixture of Gaus-
siannoise. For eachclass,a mixture of two Gaussiansvith equalmixing weightswas
usedyielding a'bimodal’ classnoise. The mixture modelparametergmean,std) for the
two classesvere chosento be [(0:08; 0:03); (0:46; 0:03)], and[(0:55; 0:02); (0:42; 0:10)]
inspiredby [5]. The classi cation resultsare shavn in the bottomrow of Table1. An
interestingpoint to noteis that DRF yields lower errorthan MRF even whenthe logistic
classi erhashighererrorthantheML classi er onthetestdata.For atypical noisyversion
of thefour baseimagesthe performancef differenttechniquesn comparedn Fig. 1.



Table 2: DetectionRates(DR) and False Positves (FP) for the test set containing129
images(49; 536 sites). FP for logistic classi er werekeptto be the sameasfor DRF for
DR comparisonSuperscripf Cindicatesno neighborhoodiatainteractionwasused.

| | MRF Logistc DRF  Logistic DRF |

DR (%) | 5835 4750 6179 6080 7254
FP(perimage) | 2:44 2:28 2:28 1:76 1:76

4.2 Real-World images

The proposedDRF modelwas appliedto the task of detectingman-madestructuresin

naturalscenes.The aim wasto label eachimagesite asstructued or nonstructued The
trainingandthetestsetcontainedl08 and129imagesrespectiely, eachof size256 384
pixels,from the CorelimagedatabaseEachnonoverlappingl6 16 pixelsblockis called
animagesite. For eachimagesitei, a 5-dim single-sitefeaturevectors; (y;) anda 14-dim

multiscalefeaturevectorf ; (y) is computedisingorientatiorandmagnitudébasedeatures
asdescribedn [16]. Notethatf ;(y) incorporatesiatainteractionfrom neighboringsites.
Fortheassociatiompotentialsatransformedeaturevectorh (y) wascomputecdateachsite
i usingquadratidransformsof vectorf ; (y). Thepairwisedatavector ; (y) wasobtained
by concatenatinghetwo vectorsf ;(y) andf ; (y). FortheDRF parametefearning, was
choserto be0:001 Forthe MRF, eachclassconditionaldensitywasmodeledasa mixture
of ve GaussiansUseof asingleGaussiarfor eachclassyieldedvery poorresults.

For two typical imagesfrom the testset, the detectionresultsfor the MRF andthe DRF
modelsaregivenin Fig. 2. The blocksdetectedasstructured have beenshovn enclosed
within an arti cial boundary The DRF resultsshown higher detectionswith lower false
positives. For a quantitatve evaluation,we comparedhe detectionratesandthe number
of falsepositvesperimagefor differenttechniquesFor the comparisorof detectiorrates,
in all theexperimentsthe decisionthresholdof thelogistic classi erwas x edsuchthatit
yieldsthe samefalsepositive rateasthe DRFE. The rst setof experimentsvasconducted
usingthe single-sitefeaturesfor all the threemethods. Thus, no neighborhoodlatain-
teractionwasusedfor both the logistic classi er andthe DRF i.e. f ;(y) = si(y;). The
comparate resultsfor the threemethodsaregivenin Table2 underMRF', 'Logistic '
and'DRF '. Thedetectiorratesof the MRF andthe DRF arehigherthanthelogistic clas-
si er dueto thelabelinteraction.However, higherdetectionrateandlower falsepositives
for the DRF in comparisorto the MRF indicatethe gainsdueto the useof discriminatve
modelsin the associatiorandinteractionpotentialsin the DRF In the next experiment,
to take advantageof the power of the DRF framework, datainteractionwas allowed for
boththelogistic classi er aswell asthe DRF ('Logistic' and'DRF' in Table2). The DRF
detectiorrateincreasesubstantiallyandthe falsepositivesdecreaséurtherindicatingthe
importanceof allowing the datainteractionin additionto thelabelinteraction.

5 Conclusionand futur e work

We have presentedliscriminatize random elds which provide a principled approactfor
combininglocal discriminative classi ersthatallow the useof arbitrary overlappingfea-
tures,with adaptve data-dependesmoothingoverthelabel eld. Wearecurrentlyexplor-
ing alternatve ways of parametetearningusing contrastve divergenceand saddlepoint
approximationsOneof thefurtheraspectof the DRF modelis the useof generakernel
mappinggo increasehe classi cationaccurag. However, onewill needsomemethodto
inducesparsenes® avoid over tting [12]. In addition,we intendto extendthe modelto
accommodatenulticlassclassi cationproblems.
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Figure2: Examplestructuredetectionresults. Left column: MRF results. Right column:
DRF results.DRF hashigherdetectiorratewith lower falsepositives.
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