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Abstract

We proposean approach to includecontextual featuresfor
labeling images,in which each pixel is assignedto oneof
a �nite set of labels. The features are incorporated into
a probabilistic framework which combinesthe outputsof
several components.Componentsdiffer in the information
they encode. Somefocusontheimage-labelmapping, while
others focussolelyon patternswithin thelabel �eld. Com-
ponentsalso differ in their scale, as somefocuson �ne-
resolutionpatternswhile others on coarser, more global
structure. A supervisedversion of the contrastivediver-
gencealgorithm is appliedto learn thesefeaturesfrom la-
beled image data. We demonstrate performanceon two
real-world image databasesand compare it to a classi�er
anda Markov random�eld.

1. Intr oduction
We considerthefollowing problem,thatwewill call image
labeling: to classifyevery pixel of a given imageinto one
of severalprede�nedclasses.For example,we might con-
siderimagesof wildlife in thesavanna,andwe would like
to classifyeachpixel aseitheranimal,ground,vegetation,
wateror sky. Theresultis bothasegmentationof theimage
anda recognitionof eachsegmentasa given objectclass.
Automatically labeledimagescanalsobe useful for other
purposes,suchas for imagedatabasequerying(e.g. “�nd
all imageswith animalsin the water”). In this paper, we
proposeamodelthatis learnedfrom labeledimages.

Labelingrequirescontextualinformation,becausethela-
belsaredependentacrosspixels.Further, animagecontains
informationthat is usefulfor labelingat several levels. At
a local level (a few pixels wide), thecolor andtexturecan
sometimesbe enoughto identify the pixel class—e.g.the
sky tendsto be uniformly blue. However, typically this is
complicatedby thelargeoverlapbetweenclasses(thewater
canalsobe blue) andthe noisein the image. An example
is given in Figure1: two small imagepatchesareambigu-
ousat a very local scalebut clearly identi�able insidetheir
context. Aspectsof thiscontext concernthegeometricrela-
tionshipsbetweenobjects—e.g.�sh tendto bein waterand
airplanesin the sky; while otheraspectsconcernthe loca-

Figure1: Top: two small imagepatchesthataredif�cult to
labelbasedon local information. Bottom: imagescontain-
ing thepatches.Theglobalcontext makesit clearwhatthe
patchesare(left: water;right: sky).

tion of objectsin theimage—e.g.thesky tendsto beat the
top of theimageandthewaterat thebottom.Thus,context
atalevel morethanafew pixelswidecanhelpdisambiguate
very local imageinformation.

We thus have information about the labeling coming
from differentscales(local andglobal). This presentstwo
problems:First,how canweextractandrepresenttheinfor-
mationat eachlevel? Second,how shouldwe combinethe
possiblycon�icting informationfrom thedifferentlevels?

1.1. PreviousApproaches
One responseto thesequestionsis offered by a common
approachto region classi�cation, Markov random�elds
(MRFs). MRFs are typically formulatedin a probabilis-
tic generative framework modelingthe joint probabilityof
theimageandits correspondinglabels[6, 12]. MRFssuffer
from two key limitationswith respectto the labelingprob-
lem. The�rst drawbackconcernstheir locality. Generally,
due to the complexity of inferenceandparameterestima-
tion, only local relationshipsbetweenneighboringnodes
areincorporatedinto the model. This allows the modelto
locally smooththeassignedlabels,basedonvery local reg-
ularities,but makesit highly inef�cient at capturinglong-
rangeinteractions.However, asdiscussedabove,thecondi-
tional probabilityof a labelingwill likely dependon struc-
tureat differentlevelsof granularityin theimage.We seek
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a modelthatcancaptureboth local aswell asmoreglobal
relationships.HierarchicalMRFs [1, 10] offer oneway of
capturinglabelrelationshipsatdifferentscales,but still suf-
fer from thesecondmaindrawbackof MRFs,which lies in
their generative nature. Many labeledimagesarerequired
to estimatethe parametersof the modelof labelsand im-
ages.We areinterestedin estimatingtheposteriorover la-
belsgiven theobserved image;evenwhenthis posterioris
simple,the trueunderlyinggenerative modelmaybequite
complex. Becausewe are only interestedin the distribu-
tion of labelsgiven images,devoting modelresourcesand
degrees-of-freedomto thegenerativeimagemodelis unnec-
essary.

A very differentnon-generative approachis to directly
model the conditionalprobability of labelsgiven images:
fewer labeledimageswill be required,and the resources
will bedirectly relevantto thetaskof inferring labels.This
is the key idea underlying the conditional random �eld
(CRF)[11]. Originally proposedfor segmentingandlabel-
ing 1-D text sequences,CRFsdirectly modeltheposterior
distribution asa Gibbs �eld. This conditionalprobability
modelcandependon arbitrarynon-independentcharacter-
istics of the observation, unlike a generative imagemodel
which is forcedto accountfor dependenciesin the image,
and thereforerequiresstrict independenceassumptionsto
make inferencetractable. CRFshave beenshown to out-
performtraditionalhiddenMarkov model labelingof text
sequences[11].

In this paper, we aim to generalizethe CRF approach
to theimagelabelingproblem,which is considerablymore
complicateddueto the2-D natureof imagesversusthe1-D
natureof text. We alsoaim to learnfeaturesin therandom
�eld thatoperateat differentscalesof theimage.We adopt
a statisticallearningapproach,wheresuchinformation is
learnedfrom atrainingsetof labeledimages,andcombined
in aprobabilisticmanner.

2. Multiscale Conditional RandomField

Let X = f x i gi 2 S betheobserveddatafrom aninput image
whereS is a setof imagesitesto be labeled. We usethe
termsitesto referto elementsof thelabel�eld, while pixels
refer to elementsof the image.Thelocal observationx i at
site i is theresponseof a setof �lters appliedto the image
at thatsite. Thesitehasanassociatedlabel l i from a �nite
labelsetL .

StandardCRFs[11] employ two forms of featurefunc-
tions, which would be de�ned in a 2D imageas follows:
statefeaturefunctions, f (l i ; X ; i ), of the label at a site i
and the observed image; and transition featurefunctions
f (l i ; l j ; X ; i ), of theimageandlabelsat site i anda neigh-
boring site j in the image. We extend this to label fea-
tures, which encodeparticularpatternswithin a subsetof

label variables. The label featuresarea form of potential
function, encodinga particularconstraintbetweenthe im-
ageandthe labelswithin a region of the image.Examples
areshown in Figure2. Herethesmaller(regional)labelfea-
tureencodesa patternof groundpixelsabove waterpixels,
while thebigger(global)labelfeatureencodessky pixelsat
the top of the image,rhino/hippopixels in themiddle,and
waterpixelsnearthebottom.Theglobalfeaturescanoper-
ateat a coarserresolution,specifyingcommonvaluefor a
patchof sitesin thelabel�eld. Ourmodellearnstheselabel
featuresbasedonasetof labeledimages.
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Figure2: Above: An imagepatchat site i is represented
by theoutputsof several �lters. Theaim is to associatethe
patchwith oneof a prede�nedsetof labels. Below: Ex-
amplelabelfeatures:regional(eachcell correspondsto one
site),whichmatchesaboundarywith ground(brown) above
water(cyan);andglobal (eachcell correspondsto 10 � 10
sites),which matchesa rhino or hippo (red) in the water
(cyan)with sky (blue)abovethehorizon.“Don' t care”cells
areblank (gray color). For label colorsandabbreviations,
seekey in Fig. 5.

Associatedwith eachlabel featureis a binary hidden
variable,that actsasa switch for that feature.The feature
encodesa particular label patternthrougha parametrized
conditionalprobabilitytable(CPT)to thelabelsiteswithin
a region. This CPT speci�es a multinomial probability
distribution over the label valuesof eachsite. The hid-
denvariablesareassumedto beconditionallyindependent
giventhecorrespondinglabelvariables,andviceversa(see
Fig. 3). This structurehasthe form of a restrictedBoltz-
mannmachine(RBM) [5], in which inferenceandlearning
aregreatlysimpli�ed.

Ourmultiscaleconditionalrandom�eld (mCRF)de�nes
a conditionaldistribution over the label �eld L = f l i gi 2 S
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Figure3: Graphicalmodelrepresentation.The local clas-
si�er mapsimageregionsto labelvariables,while thehid-
denvariablescorrespondingto regionalandglobalfeatures
form an undirectedmodel with the label variables. Note
that featuresand labelsare fully inter-connected,with no
intra-layerconnections(restrictedBoltzmannmachine).

giveninput imageX by multiplicatively combiningcompo-
nentconditionaldistributionsthat capturestatisticalstruc-
tureatdifferentspatialscaless:

P(L jX ) =
1
Z

Y

s

Ps(L jX ) (1)

where Z =
P

L

Q
s Ps(L jX ) is a normalizationfactor

(summedover all labelings).An mCRFis thereforea con-
ditional form of the product-of-experts model [7]. Note
that the model architecturemakes the computationof Z
tractablewhenconditionedontheimageX andhiddenvari-
ables,asthe label �eld distribution canbe factoredacross
thesitesgiventhevaluesof thehiddenvariablesandX .

Each label featurein our model operatesat a particu-
lar scalein the label �eld. For a given site, therearethus
multiple predictorsof its label conditionedon the image.
Our modelde�ned above, asin a standardCRF, combines
thepredictionsof thevariousfeaturesmultiplicatively. The
productform of this combinationhastwo chief effectson
thesystem.First,labelfeaturesneednotspecifythelabelof
every sitewithin theregion. If a featurehasuniformvalues
for eachpossiblelabel, it will play no role in thecombina-
tion. We call this a “don't care”prediction.This enablesa
featureto focusits predictionon particularsitesin the re-
gion. Second,the label of a site may be sharperthanany
of the componentdistributions. If two multinomialsfavor
a particularvalue,thentheir productwill be moresharply
peaked on that value. Henceuncon�dent predictionsthat
agreecanproduceacon�dent labeling.

In this paper, we instantiatethe mCRFframework with
three separatecomponents,operating at three different
scaless: a localclassi�er, regionalfeatures,andglobalfea-
tures,asshown in Fig. 3.

1. Local Classi�er . Onepowerful way of classifying
a pixel of an imageusinginformationat a local level only

is to usea statisticalclassi�er, suchas a neuralnetwork.
Independentlyat eachsite i , the local classi�er produces
a distribution over label variablel i given �lter outputsx i

within animagepatchcenteredonpixel i :

PC(L jX ; � ) =
Y

i

PC(l i jx i ; � )

where� aretheclassi�er parameters.We usea multilayer
perceptronastheclassi�er. Notethattheclassi�er'sperfor-
manceis limited by classoverlapandimagenoise[8].

2. Regional Label Features. This secondcomponent
is intendedto representlocal geometricrelationshipsbe-
tweenobjects,suchasedges,cornersor T-junctions. Note
that theseare more than edgedetectors:they specify the
actualobjectsinvolved,thusavoiding impossiblecombina-
tionssuchasaground-above-sky border. Welearnacollec-
tion of regionalfeaturesfrom thetrainingdata.

We achieve a degreeof translationinvariancein the re-
gionalfeaturesby dividing thelabel�eld for thewholeim-
age into overlappingregions of the samesize, on which
thesefeaturesarede�ned. The featurefor a given region
hasits own hiddenvariablesbut sharethe CPT with other
regions.

Let r index the regions, a index the different regional
featureswithin eachregion, andj = f 1; : : : ; J g index the
label nodes(sites) within region r . The parameterwa;j

connectinghiddenregionalvariablef r ;a andlabelnodel r ;j

speci�espreferencesfor thepossiblelabelvalueof l r ;j . So
wa;j canberepresentedasa vectorwith jLj elements. We
alsorepresentthelabelvariablel r ;j asavectorwith jLj ele-
ments,in whichthevth elementis 1 andtheotheris 0 when
l r ;j = v. Thus,theprobabilisticmodeldescribingregional
labelfeatureshasthefollowing joint distribution:

PR (L ; f ) / exp
nP

r ;a f r ;a w T
a l r

o

where f = f f r ;a g representsall the binary hidden
regional variables, wa = [wa;1; : : : ; wa;J ; � a ], l r =
[l r ;1; : : : ; l r ;J ; 1], and� a is a biasterm. Herethesitesi are
indexed by (r; j ), becausesite i correspondsto a different
nodej in regionr basedonthepositionof thatregion in the
image.

Intuitively, themostprobablecon�gurationof eachfea-
ture is either the label patternl r in region r matchingwa

and f r ;a = 1, or the label patternl r doesnot matchwa

andf r ;a = 0. Giventhehiddenregionalvariables,thelabel
variablesareconditionallyindependentandthedistribution
of eachlabelnodecanbewrittenas

PR (l i = vjf ) =
exp[

P
a; ( r ;j )= i f r ;a wa;j ;v ]

P
v0 exp[

P
a; ( r ;j )= i f r ;a wa;j ;v 0]

wherethe site is indexed by i and the summationranges
over all featuresde�ned on regions that containi . Thus,
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thefeaturesspecifyamultinomialdistributionoverthelabel
of eachsite. Finally, theregionalcomponentof our model
is formedby marginalizingout thehiddenvariablesin this
sub-model:PR (L ) /

Q
r ;a [1 + exp(w T

a l r )].
3. Global Label Features. Each coarse-resolution

global featurehasasits domainthelabel�eld for thewhole
image(thoughin principlewe couldusesmaller�elds an-
choredat speci�c locations,asin Fig. 2). Theseglobalfea-
turesarealsocon�guredasanRBM, with undirectedlinks
betweenthehiddenglobalvariablesandthelabelvariables.
Let b index theglobal labelpatternsencodedin theparam-
etersf ubg andg = f gbg bethebinaryhiddenglobalvari-
ables. In order to encouragethesevariablesto represent
coarseaspectsof the label �eld, we divide the label �eld
into non-overlappingpatchespm ; m 2 f 1; :::; M g, andfor
eachhiddenglobalvariablegb, its connectionswith the la-
bel nodeswithin patchpm areassigneda singleparameter
vectorub;pm . Thesetied parameterseffectively specifythe
samedistribution for eachlabelnodewithin thepatch(and
reducethe numberof free parameters).Like the regional
component,thegloballabelfeaturemodelhasa joint distri-
bution

PG(L ; g) / exp
� P

b gbuT
b L

	
:

Theglobal featuresalsospecifya multinomialdistribu-
tion over eachlabel nodeby their parameters.Note that a
globalfeature,aswell asaregionalfeature,canspecifythat
it effectively “doesn't care”aboutthelabelof a givennode
or patchof nodesp, if its parametersubp(v); v = 1; : : : ; jLj
areequalacrosslabel valuesv. This enablesa featureto
besparse,andfocuson labelsin particularregions,allow-
ing otherfeaturesto determinethe other labels. The joint
modelis marginalizedto obtainthe global featurecompo-
nent:PG(L ) /

Q
b[1 + exp(uT

b L )].
4. Combining the Components. The multiplicatively

combinedprobabilitydistribution over the label �eld hasa
simpleclosedform (seeEqn.1):

P(L jX ; � ) = 1
Z

Q
i P 


C (l i jx i ; � ) �

�
Y

r ;a

[1 + exp(w T
a l r )] �

Y

b

[1 + exp(uT
b L )]

where� = f � ; f wag; f ubg; 
 g is the setof parametersin
themodel. We includea tradeoff parameter
 becausethe
classi�er is learnedbeforethe other components,and the
modelneedsto modulatetheeffectof over-con�dent incor-
rectclassi�er outputs.

Equation1 shows thatthemodelformsredundantrepre-
sentationsof the label �eld. A key attribute of our model,
asin boostingandotherexpertcombinationapproaches,is
complementarity:eachcomponentshouldlearnto focuson
aspectsmodeledlesswell by others. Also, the labelingof
an imagemust maximally satisfy all relevant predictions

(the classi�er's and the features')at every site. In partic-
ular, we expecttheglobalfeaturesto helpdisambiguate(or
evenoverride)theclassi�er's judgment.

2.1. Parameter Estimation
For estimatingtheparameters� , weassumeasetof labeled
imagesD = f (L t ; X t ); t = 1; :::; N g is available.We train
theconditionalmodeldiscriminatively basedon theCondi-
tional MaximumLikelihood(CML) criterion,which maxi-
mizesthelog conditionallikelihood:

� � = argmax
�

X

t

logP(L t jX t ; � ):

A gradient-basedalgorithmcanbeappliedto maximizethe
conditional log likelihood. Calling hs the unnormalized
Ps(L jX ), weobtainthefollowing learningrule:

� � s /
�

@loghs

@� s

�

P0 (L jX )
�

�
@loghs

@� s

�

P � (L jX )

where� s are the parametersin componentPs, P0(L jX )
is the datadistribution de�ned by D, andP� (L jX ) is the
modeldistribution. However, weneedto calculateexpecta-
tionsunderthemodeldistribution,which is dif�cult dueto
thenormalizationfactorZ . Onepossibleapproachis to ap-
proximatethe expectationsby Markov chainMonte Carlo
(MCMC) sampling,but this requiresextensivecomputation
andtheestimatedgradientstendto beverynoisy.

In this paper, we apply thecontrastive divergence(CD)
algorithm[7]. CD is anapproximatelearningmethodthat
overcomesthe dif�culty of computingexpectationsunder
the model distribution. The key bene�t of applying CD
to learningparametersin a random�eld is that ratherthan
requiringconvergenceto equilibrium, suchas in MCMC,
one only needsto take a few stepsin the Markov chain
to approximatethe gradients,which can be a huge sav-
ings, particularlyduring learningwhenthe gradientsmust
be updatedrepeatedly. In addition,becauseour model is
a form of additive random�eld, a block Gibbs sampling
chaincanbeimplementedef�ciently , simplycomputingthe
conditionalprobabilitiesof the featuresetsf andg given
L andvice versa.Theoriginal CD algorithmoptimizesthe
parametersof a modelby approximatelymaximizingdata
likelihood;weextendit hereto theobjectiveof maximizing
conditionallikelihood.

2.2. Infer encefor Labeling an Image
To labela new imageX , we needto infer theoptimallabel
con�guration L given X . Thereare two main criteria for
inferring labelsfrom the posteriordistribution [1]: maxi-
mumaposteriori(MAP) andmaximumposteriormarginals
(MPM). ExactMAP is dif�cult to computedueto thehigh
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dimensionalityanddiscretedomainof L . Also, it canbetoo
conservative in searchingapproximatesolutionsbecauseit
only considersthe most probablecaseand disregardsthe
differencebetweenother solutions. The MPM criterion,
which minimizes the expectednumberof the mislabeled
sitesby takingthemodesof posteriormarginals:

l �
i = argmax

l i

P(l i jX ); 8i 2 S

usuallyproducesa bettersolution. In this paper, we adopt
MPM. EvaluatingP(l i jX ) in ourmodelis intractabledueto
its loopy structure,sowe mustresortto approximateinfer-
encemethods.We useGibbssamplingdueto its simplicity
andfastconvergence.Note that we cantake advantageof
our architectureto startsamplingthechainin a reasonable
initial point, given by the label distribution output by the
classi�er.

3. Experimental Results
3.1. Data Sets
We appliedour mCRFto two naturalimagedatasets.The
�rst datasetis a 100-image subsetof the Corel image
database,consistingof African and Arctic wildlife nat-
ural scenes. We labeled them manually into 7 classes:
'rhino/hippo', 'polar bear', 'vegetation', 'sky', 'water',
'snow' and'ground'. Thetrainingsetincludes60randomly
selectedimagesandtheremaining40 for testing;eachim-
ageis 180� 120pixels.

The seconddataset,the Sowerby Image Databaseof
British Aerospace,is a set of color imagesof out-door
scenesand their associatedlabels. The imagescontain
many typical objectsnearroadsin rural andsuburbanarea.
After preprocessingtheimagesasin [3], weobtain104im-
ageswith 8 labels:'sky', 'vegetation',' roadmarking', ' road
surface', 'building', 'streetobjects','cars' and'unlabeled'.
During testing,we do not considerthe unlabeledsitesand
themodel'soutputfor them.Werandomlyselect60 images
astrainingdataandusethe remaining44 for testing;each
imageis 96� 64pixels.

We extracta setof imagestatisticsx i at eachimagesite
i , including color, edgeand texture information. In these
experiments,eachsitecorrespondsto a singleimagepixel.
For the color information, we transformthe RGB values
into CIE Lab* color space,which is perceptuallyuniform.
The edgeand texture areextractedby a setof �lterbanks
includingdifference-of-Gaussian�lter at 3 differentscales,
andquadraturepairsof orientedeven- andodd-symmetric
�lters at 4 orientations(0; � =4; � =2; 3� =4) and 3 scales.
Thuseachpixel is representedby 30 imagestatistics.

3.2. Model Training
We train the systemsequentially: �rst we train the local
classi�er; thenwe �x the classi�er andtrain the label fea-

tures. Although potentially suboptimalwith respectto a
joint training of all parameters,the sequentialapproachis
moreef�cient. Theclassi�er is a3-layermultilayerpercep-
tron (MLP) with sigmoidhiddenunitsandjLj outputswith
softmaxactivation function(sowe caninterprettheoutput
as the posteriordistribution over labels). For eachimage
site,theinputof theMLP is theimagestatisticswithin a lo-
cal3� 3 pixel window centeredat thatsite.Largerwindow
sizes(e.g.5 � 5) producedonly small improvementsin the
classi�cationratebut needmuchlongertraining.TheMLP
is trainedto minimizethecross-entropy for multipleclasses
with ascaledconjugategradientalgorithm.In theCD algo-
rithm, we alwaysrun a Markov chainfor 3 stepsfrom the
correctlabelcon�guration.

We compareour approachwith an MRF, de�ned as a
generative modelP(L ; X ) =

Q
i P(x i jl i )P(L ), wherex i

is the imagestatisticsvector at imagesite i . The class-
conditionaldensityP(x i jl i ) is modeledby aGaussianmix-
turewith diagonalcovariancematrices.We learntheGaus-
sianmixturewith theEM algorithmandchoosethenumber
of mixture componentsusing a validation set. The label
�eld P(L ) is modeledby a homogeneousrandom�eld de-
�ned ona lattice:

P(L ) / exp

8
<

:
�

X

i 2 S

X

j 2N i

X

u;v

� u;v � (l i � u)� (l j � v)

9
=

;

wherethe parameter� u;v measuresthe compatibility be-
tweenneighboringnodes(l i ; l j ) whenthey take the value
(u; v). We trainedthe random�eld modelP(L ) usingthe
pseudo-likelihoodalgorithm[12]. To infer the optimal la-
belinggivena new image,we usethesameMPM criterion
wherethe marginal distribution is calculatedby the loopy
beliefpropagationalgorithm[4].

3.3. PerformanceEvaluation
We evaluatethe performanceof our modelby comparing
with the generative MRF and the local classi�er over the
SowerbyandCoreldatasets.Thecorrectclassi�cationrates
onthetestsetsof bothdatasetsareshown in Table1. For the
Coreldataset,thelocal classi�er is anMLP with 80 hidden
nodes,andtheregionalfeaturesarede�nedon8� 8 regions
with overlap4 in eachdirection,while the global features
arede�ned onthewholelabel�eld with patchsize18� 12.
Thereare30 regional featuresand15 global features.For
the Sowerby data,the local classi�er has50 hiddenunits
andtheregionalfeaturesarede�ned on6 � 4 regionsover-
lappedby 2 horizontallyand3 vertically. The global fea-
turesarede�nedon8� 8 patchesof labelsites.Thereare10
global featuresand20 regional features.For bothmCRFs,
we settheclassi�er weightingparameter(
 = 0:9) andthe
model structure—numberof regional and global features,
andregionsizes—usingasmallvalidationset.
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Table1: Classi�cationratesfor themodels.

Database Classi�er MRF mCRF
Corel 66.9% 66.2% 80.0%
Sowerby 82.4% 81.8% 89.5%

Table2: Confusionmatrix in percentagefor Coreldata.En-
try (row i , columnj ) meanstruelabeli wasestimatedasj .

r-h br w sn vg grd sk

9.27 0.14 0.53 0.01 1.01 1.00 0
0.08 8.06 0.01 0.52 0.12 0.63 0
0.33 0 12.87 0 0.42 0.76 0.05

0 0.82 0 12.83 0.23 0.09 0.04
0.95 0.55 0.09 3.18 15.06 2.99 0.06
1.13 1.18 1.11 0.26 1.56 21.19 0

0 0 0 0 0.19 0.01 0.66

From Table 1, we can seethat the performanceof the
MLP classi�er is comparableto theMRF, while our model
providesa signi�cant improvement. The resultshows the
advantageof discriminative over generative modelingand
the weaknessof local interactionscapturedby the MRF
model. Theconfusionmatrix for the testingresultson our
mCRF model is shown in Tables2–3, where the values
show thepercentageof labelsin thewholetestingdata.The
tablesshow that the errorsmadeby our modelareconsis-
tent acrossthe classes.For the Sowerby data,the overall
performanceis comparableto the bestresult in published
classi�cationresulton thisdataset:90:7% in [13].

Wealsoshow theoutputsof thelocalclassi�er, MRF and
our modelon sometestimagesin Figure5. The classi�er
worksreasonablywell but canbeeasilyfooledsincenocon-
textual information is included. The MRF producesquite
smoothlabel con�gurationsbut it may smoothin a wrong
way becauseit capturesonly local context, which can be
misleading. Our mCRFmodelgeneratesmorereasonable
labelingsin which the contextual informationprovided by
regionalandglobalfeaturescorrectsmostof thewrongpre-
dictionsfrom thelocal classi�er—evenwhentheseoccupy
large,scatteredportionsin theimage.Wecantaketheprob-
ability of labelingfor eachsiteasacon�dencemeasure,and
form acon�dencemapof thelabeling(seeFig.5, rightmost
column). This con�dencemeasuresthequality of thepre-
diction in a consistentway: note how it tendsto be low
aroundboundariesandwherethemodelcannotreversethe
classi�er's wrong labelingdue to confusionby highlights
or shadows. The modelperformancein this casecould be
improvedby letting thelabelfeatureshave accessto image
statisticsaswell.

Table3: Confusionmatrix in percentagefor Sowerbydata.

sk vg rdm rds bd str car

12.01 0.53 0.00 0.01 0.03 0.00 0.01
0.83 33.39 0.01 1.41 2.71 0.03 0.09
0.00 0.00 0.08 0.10 0.00 0 0
0.01 0.94 0.02 40.33 0.10 0.01 0.05
0.06 2.60 0.02 0.30 3.05 0.01 0.05
0.02 0.25 0 0.03 0.12 0.02 0.01
0.02 0.27 0.00 0.09 0.24 0.00 0.14

Figure4 shows a subsetof the parameterslearned,i.e.,
theconditionalprobabilitytablesin theregionalandglobal
features. For legibility, only the mostprobablelabelsare
shown for eachsiteandeachfeaturepatternis displayedas
a matrix of blocks. Thecolor of eachblock representsthe
labelvaluewith thehighestprobability(cf. thekey in Fig.5)
and the block size is proportionalto the probability val-
ues. Figure4 shows 5 regional featuresfrom theSowerby
dataand5 global featuresfrom theCoreldata.We cansee
thattheregionalfeaturescapturewithin-labelregularitiesas
well ascross-labelboundaryregularities.For example,the
�rst regional featureis mostly devoted to 'ground', while
thefourthonerepresentstheboundarybetween'vegetation'
and'sky'. Theglobalfeaturescapturecoarserpatternsin the
entirelabel �eld andre�ect the global context in the data.
For instance,the secondglobal featureshows the rhino or
hippo is usually surroundedby vegetationandwater, and
thesky is above them,while thefourth oneshows thebear
is oftensurroundedby snow.

4. Discussion
The methodproposedhereis similar to earlierapproaches
to the problem of object detection,or the more general
taskof imagelabeling,in that it combineslocal classi�ers
with probabilisticmodelsof labelrelationships.Insightinto
thesevariousmodelscanbegainedby comparingthesolu-
tions to the basicproblemposedin the introduction: how
caninformationat differentscalesberepresented,learned,

Figure4: Examplesof learnedregional label featuresfrom
the Sowerby dataset(above, 6 � 4 sites)andglobal label
featuresontheCoreldataset(below, 10� 10blockseachof
18� 12sites).
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Figure5: Somelabelingresultsfor theCorel (4 top rows) andSowerby(3 bottomrows) datasets,usingtheclassi�er, MRF
andmCRFmodels.Thecolor keys for thelabelsareon theleft. ThemCRFcon�denceis low/high in thedark/brightareas.

andcombined?

A primary differencebetweentheseearliermodelsand
ourmodelis theform of therepresentationover labels.One
methodof capturinglabel relationshipsis througha more
conceptualgraphicalmodel,suchasan abstractionhierar-
chy consistingof scenes,objects,andfeatures[14]. Thedis-
tributionover labelscanalsobeobtainedbasedonpairwise
relationshipsbetweenlabelsatdifferentsites.Recently, Ku-
marandHebert[9] extendedearlierMRF approaches[6] by
including imageinformation in the learnedpairwisecom-
patibilitiesbetweenlabelsof differentsites. Training their
model discriminatively as opposedto generatively led to
signi�cant improvementsin detectingman-madestructures
in imagesover traditionalMRF approaches.

An alternative to a pairwiselabel modelis a tree-based
model[3, 13]. Tree-basedmodelshave thepotentialto rep-
resentlabel relationshipsat differentscales,corresponding
to conditionalprobability tablesat different levels in the
tree. Static tree-basedmodelsarelimited in their �e xibil-

ity dueto the�x ednatureof thetree,which tendsto leadto
blocky labelings. The dynamictreemodel [13] elegantly
overcomesthis approachby constructingthe tree on-line
for a given image;however, inferenceis quitecomplicated
in this model, necessitatingcomplicatedvariational tech-
niques.ThustheCPTslearnedin thismodelwererestricted
to verysimplelabelrelationships.

In our model,a wide varietyof patternsof labels,at dif-
ferentscales,arerepresentedby the features,andthe fea-
turesall interactat thelabellayer. ThemCRFmodelis �at-
ter thanthetrees,andthefeaturesredundantlyspecifylabel
predictions.The model is thereforesearchingfor a single
labelingfor a givenimagethatmaximallysatis�esthecon-
straintsimposedby theactive learnedfeatures.In thetree-
basedmodels,alternativehypothesesarerepresentedasdif-
ferenttrees,andinferenceconsidersdistributionsovertrees.
Our methodinsteadcombinestheprobabilisticpredictions
of differentfeaturesatvariousscalesusingaproductmodel,
which naturally takes into accountthe con�denceof each
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feature's prediction.
Our model is an instantiationof a larger framework,

whereindividual sub-modelsspecializeon tasksandhave
accessto particularinformation.Furtherwork canconsider,
for example, label featuresover a rangeof scales(rather
thanjust local andglobal), or label featuresthat have also
accessto someimagestatistics. Generative modelscan-
not includeimageinformationaswell aslabelpatternsinto
learnedfeatures.Weexpectthatthiswill enablethefeatures
to localize boundariesbetweenobjectsin a more precise
manner.

Ideally the systemwe describedwould be appliedto a
higher level of input imagerepresentation,to apply to la-
beledimagefeaturesratherthan individual pixels. How-
ever, this requiresa consistentandreliablemethodfor ex-
tractingsuchrepresentationsfrom images.

Finally, automaticimagelabelinghasseveral direct ap-
plications, including video surveying or object detection
andtracking.A primaryapplicationis content-basedimage
retrieval. Many currentcontent-basedquerymethodsrely
on global imageproperties,which do not handlesearches
for speci�c objectsin a varietyof scenes[2]. As thequal-
ity of imagedataincreases,it becomesmoreimportantto
have a mechanismfor classifyingimagesas fully aspos-
sible prior to insertioninto a database.After learningour
modelonasmall,representativedataset,theentiredatabase
can be labeledautomatically. Then, userqueriessuchas
“�nd imageswith hipposin water” canbe processedvery
quickly. Indexesfor theclassesassociatedwith eachimage
couldbegeneratedfor eachimage,whichwouldallow rapid
retrieval; alternatively, morespeci�c regionsof imagescan
beretrievedbasedon thepixel labels.

5. Conclusions

We have presenteda novel probabilisticmodelfor labeling
imagesinto a prede�nedsetof classlabels.Themodelis a
productcombinationof individual models,eachproviding
labelinginformationfrom differentaspectsof theimage:a
classi�er that looksat local imagestatistics;regional label
featuresthat look at local label patterns;andglobal label
featuresthat look at large, coarselabel patterns.Both the
classi�er andthe label featuresarelearnedfrom a training
setof labeledimages. This strategy resultsin consensual
labelingsthathave to agreewith the imagestatisticsbut at
thesametime respectgeometricrelationshipsbetweenob-
jectsat a local andglobal scale.Themain reasonsfor our
model's successareits direct representationof large-scale
interactionsandits devoting resourcesto modellingthe la-
bel spacebut not the imagespace.A chief novelty of the
work is thatwegeneralizethestandardformof featurefunc-
tionsusedin CRFsto usehiddenvariables,eachencoding
a learnedpatternwithin asubsetof labelvariables.

Acknowledgments
WethankMax Welling andGeoff Hintonfor discussionson
contrastivedivergence,theanonymousreviewers,andBAE
Systemsfor letting us usetheir Sowerby ImageDatabase.
Fundedby grantsfrom CIHR New Emerging Teamspro-
gramandtheInstitutefor RoboticsandIntelligentSystems.

References
[1] C. Boumanand M. Shapiro: “A multiscalerandom�eld

modelfor Bayesianimagesegmentation,” IEEE Trans.Im-
ageProcessing3:162–177,1994.

[2] N. W. Campbell,W. P. J. Mackeown, B. T. Thomas,andT.
Troscianko: “Interpretingimagedatabasesby region classi-
�cation,” PatternRecognition30:555–563,1997.

[3] X. Feng,C. K. I. Williams, and S. Felderhof: “Combin-
ing beliefnetworksandneuralnetworksfor scenesegmenta-
tion,” IEEETrans.PAMI 24:467–483,2002.

[4] W. T. Freeman,E.C.Pasztor, andO.T. Carmichael:“Learn-
ing low-level vision,” Int. J. Comp.Vision40:25–47,2000.

[5] Y. FreundandD. Haussler: “Unsupervisedlearningof dis-
tributionson binaryvectorsusing2–layernetworks,” NIPS,
1992.

[6] S.GemanandD. Geman:“Stochasticrelaxation,Gibbsdis-
tributions, and the Bayesianrestorationof images,” IEEE
Trans.PAMI 6:721–741,1984.

[7] G. E. Hinton: “Trainingproductsof expertsby minimizing
contrastivedivergence,” Neural Comp.14:1771–1800,2002.

[8] S.KonishiandA. L. Yuille: “Statisticalcuesfor domainspe-
ci�c imagesegmentationwith performanceanalysis,” CVPR,
pp.125–132,2000.

[9] S.KumarandM. Hebert: “Discriminative random�elds: A
discriminative framework for contextual interactionin clas-
si�cation,” ICCV, pp.1150–1157,2003.

[10] J.-M. Laferte,F. Heitz, P. Perez,andE. Fabre: “Hierarchi-
cal statisticalmodelsfor thefusionof multiresolutiondata,”
ICCV, 1995.

[11] J. Lafferty, A. McCallum,andF. Pereira: “Conditionalran-
dom�elds: Probabilisticmodelsfor segmentingandlabeling
sequencedata,” ICML, pp.282–289,2001.

[12] S.Z. Li: Markov RandomField Modelingin ImageAnalysis.
Springer, 2001.

[13] A. J. Storkey and C. K. I. Williams: “Image modelling
with positionencodingdynamictrees,” IEEE Trans.PAMI
25:859–871,2003.

[14] A. Torralba,K. P. Murphy, W. T. Freeman,andM. A. Rubin:
“Context-basedvision systemfor placeandobjectrecogni-
tion,” ICCV, pp.273–280,2003.

8


