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Abstract

In thispaperwepresentDiscriminativeRandomFields(DRF),adiscrim-
inativeframework for theclassi�cationof naturalimageregionsby incor-
poratingneighborhoodspatialdependenciesin the labelsaswell asthe
observeddata.Theproposedmodelexploits localdiscriminativemodels
andallows to relax the assumptionof conditionalindependenceof the
observeddatagiven the labels,commonlyusedin theMarkov Random
Field (MRF) framework. Theparametersof theDRF modelarelearned
usingpenalizedmaximumpseudo-likelihoodmethod.Furthermore,the
form of theDRF modelallows theMAP inferencefor binaryclassi�ca-
tion problemsusingthegraphmin-cutalgorithms.Theperformanceof
themodelwasveri�ed on thesyntheticaswell asthereal-world images.
TheDRFmodeloutperformstheMRF modelin theexperiments.

1 Intr oduction

For theanalysisof naturalimages,it is importantto usecontextual informationin theform
of spatialdependenciesin images.In a probabilisticframework, this leadsoneto random
�eld modelingof the images.In this paperwe addressthemainchallengeinvolving such
modeling,i.e. how to modelarbitrarily complex dependenciesin theobservedimagedata
aswell asthelabelsin aprincipledmanner.

In the literature,Markov RandomField (MRF) is a commonlyusedmodelto incorporate
contextual information[1]. MRFs aregenerallyusedin a probabilisticgenerative frame-
work thatmodelsthe joint probabilityof theobserveddataandthecorrespondinglabels.
In otherwords,let y be the observed datafrom an input image,wherey = f y i gi 2 S , y i

is thedatafrom i th site,andS is thesetof sites. Let thecorrespondinglabelsat the im-
agesitesbegivenby x = f x i gi 2 S . In theMRF framework, theposteriorover the labels
given the datais expressedusing the Bayes' rule as,p(x jy ) / p(x ; y ) = p(x )p(y jx )
wheretheprior over labels,p(x ) is modeledasa MRF. For computationaltractability, the
observationor likelihoodmodel,p(y jx ) is usuallyassumedto have a factorizedform, i.e.
p(y jx ) =

Q
i 2 S p(y i jx i )[1][2]. However, asnotedby several researchers[3][4], this as-

sumptionis too restrictive for theanalysisof naturalimages.For example,consideraclass
thatcontainsman-madestructures(e.g. buildings). Thedatabelongingto sucha classis
highly dependentonits neighborssincethelinesor edgesatspatiallyadjoiningsitesfollow



someunderlyingorganizationrulesratherthanbeingrandom(SeeFig. 2). This is alsotrue
for a largenumberof textureclassesthataremadeof structuredpatterns.

Someefforts have beenmadein thepastto modelthedependenciesin thedata[3][4], but
they make factoredapproximationsof the actuallikelihood for tractability. In addition,
simplisticformsof thefactorsprecludecapturingstrongerrelationshipsin theobservations
in the form of arbitrarily complex featuresthat might be desiredto discriminatebetween
differentclasses.Now consideringadifferentpointof view, for classi�cationpurposes,we
areinterestedin estimatingthe posteriorover labelsgiven the observations,i.e., p(x jy ).
In a generative framework, one expendsefforts to model the joint distribution p(x ; y ),
which involvesimplicit modelingof theobservations.In a discriminative framework, one
modelsthedistributionp(x jy ) directly. As notedin [2], a potentialadvantageof usingthe
discriminativeapproachis thatthetrueunderlyinggenerativemodelmaybequitecomplex
even thoughthe classposterioris simple. This meansthat the generative approachmay
spenda lot of resourceson modelingthe generative modelswhich are not particularly
relevantto thetaskof inferringtheclasslabels.Moreover, learningtheclassdensitymodels
maybecomeevenharderwhenthetrainingdatais limited [5].

In this work we presenta Discriminative RandomField (DRF) modelbasedon the con-
ceptof ConditionalRandomField (CRF)proposedby Lafferty et al. [6] in thecontext of
segmentationandlabelingof 1-D text sequences.TheCRFsdirectly modeltheposterior
distribution p(x jy ) as a Gibbs �eld. This approachallows one to capturearbitrary de-
pendenciesbetweentheobservationswithout resortingto any modelapproximations.Our
modelfurther enhancesthe CRFsby proposingthe useof local discriminative modelsto
capturethe classassociationsat individual sitesaswell as the interactionsin the neigh-
boringsiteson 2-D grid lattices.Theproposedmodeluseslocal discriminative modelsto
achieve the site classi�cationwhile permittinginteractionsin both the observed dataand
thelabel�eld in aprincipledmanner. Theresearchpresentedin thispaperalleviatesseveral
problemswith thepreviousversionof theDRFsdescribedin [7].

2 Discriminati veRandomField

We �rst restatein our notationsthede�nition of theConditionalRandomFieldsasgiven
by Lafferty et al. [6]. In this work we will be concernedwith binary classi�cation, i.e.
x i 2 f � 1; 1g. Let theobserveddataat sitei , y i 2 < c.
CRF De�nition : Let G = (S; E) bea graphsuch that x is indexedby theverticesof G.
Then(x ; y ) is said to be a conditionalrandom�eld if, whenconditionedon y , the ran-
domvariablesx i obey theMarkov propertywith respectto thegraph: p(x i jy ; x S�f i g) =
p(x i jy ; x N i ), where S� f ig is thesetof all nodesin G exceptthenodei , N i is thesetof
neighbors of thenodei in G, andx 
 representsthesetof labelsat thenodesin set
 .

ThusCRFis a random�eld globally conditionedon theobservationsy . Theconditionof
positivity requiringp(x jy ) > 0 8 x hasbeenassumedimplicitly. Now, usingtheHammer-
sley Clifford theorem[1] andassumingonly upto pairwisecliquepotentialsto benonzero,
thejoint distributionover thelabelsx giventheobservationsy canbewrittenas,

p(x jy ) =
1
Z

exp

0

@
X

i 2 S

A i (x i ; y )+
X

i 2 S

X

j 2N i

I ij (x i ; x j ; y )

1

A (1)

whereZ is anormalizingconstantknown asthepartitionfunction,and-A i and-I ij arethe
unaryandpairwisepotentialsrespectively. With a slight abuseof notations,in therestof
thepaperwewill call A i asassociationpotentialandI ij asinteractionpotential. Notethat
both the termsexplicitly dependon all the observationsy . In the DRFs,the association
potentialis seenasa local decisiontermwhich decidestheassociationof a givensiteto a
certainclassignoring its neighbors.The interactionpotentialis seenasa datadependent



smoothingfunction. For simplicity, in the restof the paperwe assumethe random�eld
given in (1) to behomogeneousandisotropic,i.e. the functionalformsof A i andI ij are
independentof the locationsi andj . Henceforthwe will leave thesubscriptsandsimply
usethenotationsA andI . Notethattheassumptionof isotropy canbeeasilyrelaxedat the
costof a few additionalparameters.

2.1 Associationpotential

In theDRFframework,A(x i ; y ) is modeledusingalocaldiscriminativemodelthatoutputs
the associationof the site i with classx i . GeneralizedLinear Models (GLM) are used
extensively in statisticsto modeltheclassposteriorsgiven theobservations[8]. For each
site i , let f i (y ) be a function that mapsthe observationsy on a featurevectorsuchthat
f i : y ! < l . Usinga logistic functionasthelink, thelocalclassposteriorcanbemodeled
as,

P(x i = 1jy ) =
1

1+ e� (w0 + w T
1 f i (y ))

= � (w0 + w T
1 f i (y )) (2)

wherew = f w0; w 1g arethemodelparameters.To extendthelogistic modelto inducea
nonlineardecisionboundaryin thefeaturespace,a transformedfeaturevectorat eachsite
i is de�ned as,h i (y ) = [1; � 1(f i (y )) ; : : : ; � R (f i (y ))]T where� k (:) arearbitrarynon-
linear functions.The �rst elementof the transformedvectoris keptas1 to accommodate
thebiasparameterw0. Further, sincex i 2 f� 1; 1g, theprobabilityin (2) canbecompactly
expressedasP(x i jy ) = � (x i w T h i (y )) . Finally, theassociationpotentialis de�ned as,

A(x i ; y ) = log(� (x i w T h i (y )) (3)

This transformationmakessurethattheDRF yieldsstandardlogistic classi�er if theinter-
actionpotentialin (1) is setto zero. Note that the transformedfeaturevectorat each site
i , i.e. h i (y ) is a functionof wholesetof observationsy . On thecontrary, theassumption
of conditionalindependenceof thedatain theMRF framework allows oneto usethedata
only from a particularsite, i.e. y i to get the log-likelihood,which actsastheassociation
potential.

As a relatedwork, in the context of tree-structuredbelief networks, Fenget al. [2] used
the scaledlikelihoodsto approximatethe actuallikelihoodsat eachsite requiredby the
generative formulation. Thesescaledlikelihoodswereobtainedby scalingthe local class
posteriorslearnedusinga neuralnetwork. On the contrary, in the DRF model,the local
classposterioris anintegral partof thefull conditionalmodelin (1). Also, unlike [2], the
parametersof the associationand interactionpotentialare learnedsimultaneouslyin the
DRF framework.

2.2 Interaction potential

To modelthe interactionpotentialI , we �rst analyzethe interactionpotentialcommonly
usedin theMRF framework. NotethattheMRF framework doesnotpermittheuseof data
in the interactionpotential.For a homogeneousandisotropicIsing model,the interaction
potentialis givenasI = � x i x j , whichpenalizeseverydissimilarpairof labelsby thecost
� [1]. This form of interactionpreferspiecewise constantsmoothingwithout explicitly
consideringdiscontinuitiesin thedata.In theDRF formulation,theinteractionpotentialis
a functionof all theobservationsy . We would like to have similar labelsat a pair of sites
for which theobserveddatasupportssucha hypothesis.In otherwords,we areinterested
in learningapairwisediscriminative modelastheinteractionpotential.

For apairof sites(i; j ), let � ij ( i (y );  j (y )) beanew featurevectorsuchthat� ij :< 
 �
< 
 ! < q, where k : y ! < 
 . Denotingthis featurevectoras� ij (y ) for simpli�cation,
theinteractionpotentialis modeledas,

I (x i ; x j ; y ) = x i x j vT � ij (y ) (4)



wherev arethemodelparameters.Note that the �rst componentof � ij (y ) is �x ed to be
1 to accommodatethebiasparameter. This form of interactionpotentialis muchsimpler
thantheoneproposedin [7], andmakestheparameterlearninga convex problem.There
aretwo interestingpropertiesof the interactionpotentialgiven in (4). First, if theassoci-
ationpotentialat eachsiteandthe interactionpotentialsof all thepairwisecliquesexcept
the pair (i; j ) aresetto zeroin (1), the DRF actsasa logistic classi�er which yields the
probabilityof thesitepair to havethesamelabelsgiventheobserveddata.Second,thepro-
posedinteractionpotentialis a generalizationof theIsing model. Theoriginal Ising form
is recoveredif all thecomponentsof vectorv otherthanthebiasparameteraresetto zero
in (4). Thus,theform in (4) actsasadata-dependentdiscontinuityadaptivemodelthatwill
moderatesmoothingwhenthe datafrom the two sitesis 'different'. The data-dependent
smoothingcanespeciallybeusefulto absorbtheerrorsin modelingtheassociationpoten-
tial. Anisotropy canbeeasilyincludedin theDRF modelby parametrizingtheinteraction
potentialsof differentdirectionalpairwisecliqueswith differentsetsof parametersv.

3 Parameter learning and inference

Let � be the set of DRF parameterswhere� = f w ; vg. The form of the DRF model
resemblestheposteriorof theMRF framework assumingconditionallyindependentdata.
However, in theMRF framework, theparametersof theclassgenerative models,p(y i jx i )
andtheparametersof theprior random�eld on labels,p(x ) aregenerallyassumedto be
independentandlearnedseparately[1]. In contrast,wemakenosuchassumptionandlearn
all theparametersof theDRFsimultaneously.

Themaximumlikelihoodapproachto learntheDRFparametersinvolvesevaluationof the
partition function Z which is in generala NP-hardproblem. Onecould useeithersam-
pling techniquesor resortto someapproximationse.g. pseudo-likelihoodto estimatethe
parameters.In this work we usedthepseudo-likelihoodformulationdueto its simplicity
andconsistency of the estimatesfor the large lattice limit [1]. In the pseudo-likelihood
approach,a factoredapproximationis usedsuchthat,P(x jy ; � ) �

Q
i 2 S P(x i jx N i ; y ; � ).

However, for theIsing modelin MRFs,pseudo-likelihoodtendsto overestimatetheinter-
actionparameter� , causingtheMAP estimatesof the �eld to bevery poorsolutions[9].
Our experimentsin the previous work [7] andSection4 of this paperverify theseobser-
vationsfor the interactionparametersin DRFstoo. To alleviate this problem,we take a
Bayesianapproachto get the maximuma posterioriestimatesof the parameters.Similar
to the conceptof weight decayin neurallearningliterature,we assumea Gaussianprior
over theinteractionparametersv suchthatp(v j� ) = N (v; 0; � 2I ) whereI is theidentity
matrix. Using a prior over parametersw that leadsto weight decayor shrinkagemight
alsobebene�cial but we leave that for futureexploration.Theprior over parametersw is
assumedto beuniform. Thus,givenM independenttrainingimages,

b� = argmax
�

MX

m =1

X

i 2 S

8
<

:
log � (x i w T h i (y )) +

X

j 2N i

x i x j vT� ij (y ) � logzi

9
=

;
�

1
2� 2 vT v (5)

where zi =
X

x i 2f� 1;1g

exp

8
<

:
log � (x i w T h i (y )) +

X

j 2N i

x i x j vT � ij (y )

9
=

;

If � is given,thepenalizedlog pseudo-likelihoodin (5) is convex with respectto themodel
parametersandcanbeeasilymaximizedusinggradientdescent.

As a relatedwork regarding the estimationof � , Mackay [10] hassuggestedthe useof
type II marginal likelihood. But in the DRF formulation, integrating the parametersv
is a hard problem. Another choiceis to integrateout � by choosinga non-informative



hyperprior on � as in [11] [12]. However our experimentsshowed that thesemethods
do not yield goodestimatesof theparametersbecauseof theuseof pseudo-likelihoodin
our framework. In the presentwork we choose� by cross-validation. Alternative ways
of parameterestimationinclude the useof contrastive divergence[13] and saddlepoint
approximationsresemblingperceptronlearningrules[14]. Wearecurrentlyexploringthese
possibilities.

The problemof inferenceis to �nd the optimal label con�guration x given an imagey ,
whereoptimality is de�ned with respectto a costfunction. In thecurrentwork we usethe
MAP estimateasthesolutionto theinferenceproblem.While usingtheIsingMRF model
for the binary classi�cation problems,exact MAP solutioncanbe computedusingmin-
cut/max-�ow algorithmsprovided� � 0 [9][15]. For theDRF model,theMAP estimates
canbeobtainedusingthesamealgorithms.However, sincethesealgorithmsdo not allow
negative interactionbetweenthesites,thedata-dependentsmoothingfor eachcliqueis set
to be vT� ij (y ) = maxf 0; vT� ij (y )g, yielding an approximateMAP estimate. This is
equivalentto switchingthesmoothingoff at theimagediscontinuities.

4 Experimentsand discussion

For comparison,a MRF framework wasalso learnedassuminga conditionally indepen-
dent likelihoodanda homogeneousandisotropic Ising interactionmodel. So, the MRF

posterioris p(x jy ) = Z � 1
m exp

� P
i 2 S logp(si (y i )jx i ) +

P
i 2 S

P
j 2N i

� x i x j

�
where�

is the interactionparameterandsi (y i ) is a single-sitefeaturevectorat i th site suchthat
si : y i ! < d. Note that si (y i ) doesnot take into accountin�uence of the datain the
neighborhoodof i th site. A �rst orderneighborhood(4 nearestneighbors)wasusedfor
labelinteractionin all theexperiments.

4.1 Synthetic images

Theaim of theseexperimentswasto obtaincorrectlabelsfrom corruptedbinary images.
Four baseimages,64 � 64 pixelseach,wereusedin theexperiments(top row in Fig. 1).
We comparetheDRF andtheMRF resultsfor two differentnoisemodels.For eachnoise
model,50 imagesweregeneratedfrom eachbaseimage.Eachpixel wasconsideredasan
imagesiteandthefeaturevectorsi (y i ) wassimply chosento bea scalarrepresentingthe
intensityat i th site. In experimentswith thesyntheticdata,no neighborhooddatainterac-
tion wasusedfor theDRFs(i.e. f i (y ) = si (y i )) to observe thegainsonly dueto theuseof
discriminative modelsin theassociationandinteractionpotentials.A lineardiscriminant
wasimplementedin theassociationpotentialsuchthath i (y ) = [1; f i (y )]T . Thepairwise
datavector� ij (y ) wasobtainedby taking the absolutedifferenceof s i (y i ) andsj (y j ).
For theMRF model,eachclass-conditionaldensity, p(s i (y i )jx i ), wasmodeledasa Gaus-
sian.Thenoisydatafrom theleft mostbaseimagein Fig.1wasusedfor trainingwhile 150
noisyimagesfrom therestof thethreebaseimageswereusedfor testing.

Threeexperimentswereconductedfor eachnoisemodel.(i) Theinteractionparametersfor
theDRF(v) aswell asfor theMRF (� ) weresetto zero.This reducestheDRFmodelto a
logisticclassi�erandMRF to amaximumlikelihood(ML) classi�er. (ii) Theparametersof
theDRF, i.e. [w ; v], andtheMRF, i.e. � , werelearnedusingpseudo-likelihoodapproach
without any penalty, i.e. � = 1 . (iii) Finally, the DRF parameterswere learnedusing
penalizedpseudo-likelihoodandthebest� for theMRF waschosenfrom cross-validation.
TheMAP estimatesof thelabelswereobtainedusinggraph-cutsfor boththemodels.

Underthe �rst noisemodel,eachimagepixel wascorruptedwith independentGaussian
noiseof standarddeviation 0:3. For the DRF parameterlearning, � was chosento be
0:01. The pixelwise classi�cation error for this noisemodel is given in the top row of
Table1. Sincetheform of noiseis thesameasthe likelihoodmodelin theMRF, MRF is



Table1: Pixelwiseclassi�cationerrors(%) on150synthetictestimages.For theGaussian
noiseMRF andDRF give similar error while for 'bimodal' noise,DRF performsbetter.
Notethatonly labelinteraction(i.e. nodatainteraction)wasusedfor thesetests(seetext).

Noise ML Logistic MRF (PL) DRF(PL) MRF DRF
Gaussian 15:62 15:78 13:18 29:49 2:35 2:30
Bimodal 24:00 29:86 22:70 29:49 7:00 6:21

Figure1: Resultson syntheticimages.From top, �rst row:original images,secondrow:
imagescorruptedwith 'bimodal' noise,third row: MRF results,fourth row: DRFresults.

expectedto give goodresults.TheDRF modeldoesmarginally betterthanMRF evenfor
thiscase.NotethattheDRFandMRF resultsareworsewhentheparameterswerelearned
without penalizingthe pseudo-likelihood(shown in Table1 with suf�x (PL)). The MAP
inferenceyields oversmoothedimagesfor theseparameters.The DRF model is affected
morebecauseall theparametersin DRFsarelearnedsimultaneouslyunlikeMRFs.

In the secondnoisemodeleachpixel wascorruptedwith independentmixture of Gaus-
siannoise. For eachclass,a mixture of two Gaussianswith equalmixing weightswas
usedyielding a 'bimodal' classnoise. Themixturemodelparameters(mean,std) for the
two classeswerechosento be [(0:08; 0:03); (0:46; 0:03)], and[(0:55; 0:02); (0:42; 0:10)]
inspiredby [5]. The classi�cation resultsareshown in the bottomrow of Table1. An
interestingpoint to noteis that DRF yields lower error thanMRF even whenthe logistic
classi�erhashighererrorthantheML classi�eronthetestdata.For atypicalnoisyversion
of thefour baseimages,theperformanceof differenttechniquesin comparedin Fig. 1.



Table 2: DetectionRates(DR) and FalsePositives (FP) for the test set containing129
images(49; 536 sites). FP for logistic classi�er werekept to be the sameasfor DRF for
DR comparison.Superscript0� 0 indicatesnoneighborhooddatainteractionwasused.

MRF Logistic� DRF� Logistic DRF
DR (%) 58:35 47:50 61:79 60:80 72:54

FP(perimage) 2:44 2:28 2:28 1:76 1:76

4.2 Real-World images

The proposedDRF model was appliedto the task of detectingman-madestructuresin
naturalscenes.Theaim wasto labeleachimagesiteasstructured or nonstructured. The
trainingandthetestsetcontained108and129imagesrespectively, eachof size256� 384
pixels,from theCorel imagedatabase.Eachnonoverlapping16� 16 pixelsblock is called
animagesite.For eachimagesitei , a5-dim single-sitefeaturevectors i (y i ) anda14-dim
multiscalefeaturevectorf i (y ) is computedusingorientationandmagnitudebasedfeatures
asdescribedin [16]. Notethatf i (y ) incorporatesdatainteractionfrom neighboringsites.
For theassociationpotentials,atransformedfeaturevectorh i (y ) wascomputedateachsite
i usingquadratictransformsof vectorf i (y ). Thepairwisedatavector� ij (y ) wasobtained
by concatenatingthetwo vectorsf i (y ) andf j (y ). For theDRFparameterlearning,� was
chosento be0:001. For theMRF, eachclassconditionaldensitywasmodeledasamixture
of � ve Gaussians.Useof asingleGaussianfor eachclassyieldedverypoorresults.

For two typical imagesfrom the testset,the detectionresultsfor the MRF andthe DRF
modelsaregiven in Fig. 2. Theblocksdetectedasstructured have beenshown enclosed
within an arti�cial boundary. The DRF resultsshow higherdetectionswith lower false
positives. For a quantitative evaluation,we comparedthedetectionratesandthenumber
of falsepositivesperimagefor differenttechniques.For thecomparisonof detectionrates,
in all theexperiments,thedecisionthresholdof thelogistic classi�er was�x edsuchthatit
yieldsthesamefalsepositive rateastheDRF. The�rst setof experimentswasconducted
using the single-sitefeaturesfor all the threemethods.Thus,no neighborhooddatain-
teractionwasusedfor both the logistic classi�er andthe DRF, i.e. f i (y ) = si (y i ). The
comparative resultsfor the threemethodsaregiven in Table2 under'MRF', 'Logistic � '
and'DRF� '. Thedetectionratesof theMRF andtheDRFarehigherthanthelogisticclas-
si�er dueto thelabel interaction.However, higherdetectionrateandlower falsepositives
for theDRF in comparisonto theMRF indicatethegainsdueto theuseof discriminative
modelsin the associationand interactionpotentialsin the DRF. In the next experiment,
to take advantageof the power of the DRF framework, datainteractionwasallowed for
boththelogistic classi�er aswell astheDRF ('Logistic' and'DRF' in Table2). TheDRF
detectionrateincreasessubstantiallyandthefalsepositivesdecreasefurtherindicatingthe
importanceof allowing thedatainteractionin additionto thelabelinteraction.

5 Conclusionand futur ework

We have presenteddiscriminative random�elds which provide a principledapproachfor
combininglocal discriminative classi�ers that allow the useof arbitraryoverlappingfea-
tures,with adaptivedata-dependentsmoothingoverthelabel�eld. Wearecurrentlyexplor-
ing alternative waysof parameterlearningusingcontrastive divergenceandsaddlepoint
approximations.Oneof thefurtheraspectsof theDRF modelis theuseof generalkernel
mappingsto increasetheclassi�cationaccuracy. However, onewill needsomemethodto
inducesparsenessto avoid over�tting [12]. In addition,we intendto extendthemodelto
accommodatemulticlassclassi�cationproblems.
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Figure2: Examplestructuredetectionresults.Left column: MRF results.Right column:
DRFresults.DRFhashigherdetectionratewith lower falsepositives.
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