Multiscale Conditional Random Fields for Image Labeling

Xuming He

RichardS. Zemel

Miguel A. Carreira-Periian

Departmenbf ComputerScienceUniversity of Toronto
f hexm,zemel,migug@cs.toonto.edu

Abstract

e proposean approad to includecontetual featuesfor
labelingimages,in which ead pixel is assignedo one of
a nite setof labels. The featues are incorporated into
a probabilistic framevork which combinesthe outputsof
several componentsComponentgliffer in the information
they encode Somdocusontheimage-labelmappingwhile
others focussolelyon patternswithin thelabel eld. Com-
ponentsalso differ in their scale as somefocuson ne-
resolution patternswhile others on coarser more global
structue. A supervisedversion of the contrastive diver
gencealgorithmis appliedto learn thesefeatuesfrom la-
beledimage data. We demonstate performanceon two
real-world image databasesand compae it to a classi er
anda Markov random eld.

1. Intr oduction

We considerthe following problem thatwe will call image
labeling to classifyevery pixel of a givenimageinto one
of several prede nedclasses.For example,we might con-
siderimagesof wildlife in the savanna,andwe would like
to classifyeachpixel aseitheranimal,ground,vegetation,
wateror sky. Theresultis botha segmentatiorof theimage
anda recognitionof eachseggmentasa given objectclass.
Automatically labeledimagescan also be useful for other
purposessuchasfor imagedatabasejuerying(e.g.“ nd
all imageswith animalsin the water”). In this paper we
proposea modelthatis learnedrom labeledimages.
Labelingrequirescontectualinformation,becausé¢hela-
belsaredependenacrosgixels. Further animagecontains
informationthatis usefulfor labelingat severallevels. At
alocal level (afew pixelswide), the color andtexture can
sometimeshe enoughto identify the pixel class—e.gthe
sky tendsto be uniformly blue. However, typically this is
complicatedby thelargeoverlapbetweerclassegthewater
canalsobe blue) andthe noisein the image. An example
is givenin Figurel: two smallimagepatchesareambigu-
ousatavery local scalebut clearlyidenti able insidetheir
contet. Aspectsof this context concernthegeometriaela-
tionshipsbetweerobjects—e.g.sh tendto bein waterand
airplanesin the sky; while otheraspectsoncernthe loca-

Figurel: Top: two smallimagepatchedhataredif cult to
labelbasedon local information. Bottom: imagescontain-
ing the patches The global context makesit clearwhatthe
patchesare(left: water;right: sky).

tion of objectsin theimage—e.gthe sky tendsto be atthe
top of theimageandthewateratthe bottom. Thus,context
atalevel morethanafew pixelswide canhelpdisambiguate
very localimageinformation.

We thus have information about the labeling coming
from differentscaleqlocal andglobal). This presentgwo
problems:First, how canwe extractandrepresentheinfor-
mationat eachlevel? Secondhow shouldwe combinethe
possiblycon icting informationfrom the differentlevels?

1.1. Previous Approaches

Oneresponsdo thesequestionsis offered by a common
approachto region classi cation, Markov random elds
(MRFs). MRFs are typically formulatedin a probabilis-
tic generatre framavork modelingthe joint probability of
theimageandits correspondindabels[6, 12]. MRFssuffer
from two key limitationswith respecto the labelingprob-
lem. The rst drawbackconcerngheir locality. Generally
dueto the complity of inferenceand parametetestima-
tion, only local relationshipsbetweenneighboringnodes
areincorporatednto the model. This allows the modelto
locally smooththeassignedabels,basedn verylocal reg-
ularities, but makesit highly inef cient at capturinglong-
rangeinteractions However, asdiscusseébove, the condi-
tional probability of a labelingwill likely dependon struc-
ture at differentlevels of granularityin theimage.We seek



a modelthat cancapturebothlocal aswell asmoreglobal
relationships.HierarchicalMRFs[1, 10] offer oneway of

capturinglabelrelationshipsatdifferentscaleshput still suf-
fer from the secondnaindravbackof MRFs,whichliesin

their generatre nature. Many labeledimagesarerequired
to estimatethe parameter®f the model of labelsand im-

ages.We areinterestedn estimatingthe posteriorover la-

belsgiventhe obsered image;even whenthis posterioris

simple,the true underlyinggeneratie modelmay be quite
complex. Becausewe are only interestedn the distribu-

tion of labelsgivenimages,devoting modelresourcesand
degrees-of-freedorto thegeneratieimagemodelis unnec-
essary

A very differentnon-geneitive approachis to directly
model the conditional probability 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 proposedor sggmentingandlabel-
ing 1-D text sequenceCRFsdirectly modelthe posterior
distribution asa Gibbs eld. This conditionalprobability
modelcandependon arbitrarynon-independentharacter
istics of the obsenation, unlike a generatre imagemodel
which is forcedto accountfor dependenciem the image,
and thereforerequiresstrict independencassumptiongo
male inferencetractable. CRFshave beenshavn to out-
performtraditional hiddenMarkov modellabeling of text
sequencefll].

In this paper we aim to generalizethe CRF approach
to theimagelabelingproblem,which is considerablymore
complicateddueto the 2-D natureof imagesversughe 1-D
natureof text. We alsoaim to learnfeaturesn therandom

eld thatoperateat differentscalesof theimage.We adopt
a statisticallearningapproachwhere suchinformationis
learnedrom atrainingsetof labeledmagesandcombined
in aprobabilisticmanner

2. Multiscale Conditional Random Field

LetX = fx;gi2s betheobsereddatafrom aninputimage
whereS is a setof imagesitesto be labeled. We usethe
termsitesto referto elementof thelabel eld, while pixels
referto elementof theimage. Thelocal obserationx; at
sitei is theresponsef asetof Iters appliedto theimage
atthatsite. The site hasanassociatedabell; from a nite

labelsetL .

StandardCRFs[11] employ two forms of featurefunc-
tions, which would be de ned in a 2D imageas follows:
statefeaturefunctions,f (I;; X ;i), of the label at a site i
and the obsened image; and transition feature functions
f(li;1; X i), of theimageandlabelsat sitei andaneigh-
boring site j in the image. We extend this to label fea-
tures which encodeparticularpatternswithin a subsetof

label variables. The label featuresare a form of potential
function, encodinga particularconstraintbetweenthe im-

ageandthe labelswithin aregion of theimage. Examples
areshavnin Figure2. Herethesmaller(regional) labelfea-
ture encodesa patternof groundpixels above waterpixels,
while thebigger(global) labelfeatureencodesky pixelsat
thetop of theimage,rhino/hippopixelsin the middle, and
waterpixels nearthe bottom. The globalfeaturescanoper

ateat a coarserresolution,specifyingcommonvaluefor a
patchof sitesin thelabel eld. Ourmodellearnsthesdabel
featuresbasecbn a setof labeledimages.
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Figure2: Above: An imagepatchat sitei is represented
by the outputsof several lters. Theaimis to associatehe
patchwith one of a prede nedsetof labels. Below: Ex-
amplelabelfeaturesregional (eachcell correspondso one
site),whichmatchesaboundarywith ground(brown) above
water(cyan); andglobal (eachcell correspondso 10 10
sites), which matchesa rhino or hippo (red) in the water
(cyan)with sky (blue)aborethehorizon.“Don't care”cells
areblank (gray color). For label colorsandabbreiations,
seekey in Fig. 5.

Associatedwith eachlabel featureis a binary hidden
variable,thatactsasa switch for that feature. The feature
encodesa particularlabel patternthrougha parametrized
conditionalprobabilitytable (CPT)to the labelsiteswithin
a region. This CPT speci es a multinomial probability
distribution over the label valuesof eachsite. The hid-
denvariablesareassumedo be conditionallyindependent
giventhe correspondindabelvariablesandvice versa(see
Fig. 3). This structurehasthe form of a restrictedBoltz-
mannmaching(RBM) [5], in which inferenceandlearning
aregreatlysimpli ed.

Ourmultiscaleconditionalrandom eld (mCRF)de nes
a conditionaldistribution over thelabel eld L = fligizs
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Figure3: GraphicalmodelrepresentationThe local clas-
si er mapsimageregionsto labelvariableswhile the hid-

denvariablescorrespondingo regionalandglobalfeatures
form an undirectedmodel with the label variables. Note

that featuresand labelsare fully inter-connectedwith no

intra-layerconnectiongrestrictedBoltzmannmachine).

giveninputimageX by multiplicatively combiningcompo-
nentconditionaldistributionsthat capturestatisticalstruc-
tureatdifferentspatialscaless:
1Y
P(LIX)= - Ps(LiX) 1)
S
whereZ = QS Ps(LjX) is a normalizationfactor
(summedbver all labelings).An mCRFis thereforea con-
ditional form of the product-of-&perts model [7]. Note
that the model architecturemales the computationof Z
tractablevhenconditionedontheimageX andhiddenvari-
ables,asthelabel eld distribution canbe factoredacross
thesitesgiventhevaluesof the hiddenvariablesandX .

Eachlabel featurein our model operatesat a particu-
lar scalein the label eld. For a givensite, therearethus
multiple predictorsof its label conditionedon the image.
Our modelde ned above, asin a standardCRF, combines
the predictionsof the variousfeaturesmultiplicatively. The
productform of this combinationhastwo chief effectson
thesystem First, labelfeaturesneednot specifythelabelof
every sitewithin theregion. If afeaturehasuniformvalues
for eachpossiblelabel, it will play norole in the combina-
tion. We call this a “don't care” prediction. This enablesa
featureto focusits predictionon particularsitesin the re-
gion. Secondthe label of a site may be sharperthanary
of the componendistributions. If two multinomialsfavor
a particularvalue, thentheir productwill be more sharply
pealed on that value. Henceuncon dent predictionsthat
agreecanproducea con dentlabeling.

In this paper we instantiatethe mCRFframewvork with
three separatecomponents,operating at three different
scaless: alocalclassi er, regionalfeaturesandglobalfea-
tures,asshovn in Fig. 3.

1. Local Classier. One powerful way of classifying
a pixel of animageusinginformationat 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; given lter outputsx;
within animagepatchcenteredn pixel i:

) Y
Pc(LjX; )=

Pe(lijxi; )

where aretheclassi er parametersWe usea multilayer
perceptrorastheclassi er. Notethattheclassi er's perfor
mances limited by classoverlapandimagenoise[8].

2. Regional Label Features This secondcomponent
is intendedto represeniocal geometricrelationshipsbe-
tweenobjects,suchasedgescornersor T-junctions. Note
that theseare more than edgedetectors:they specify the
actualobjectsinvolved, thusavoiding impossiblecombina-
tionssuchasaground-abwe-sky border We learnacollec-
tion of regionalfeaturesrom thetrainingdata.

We achieve a degreeof translationinvariancein the re-
gionalfeaturesby dividing thelabel eld for thewholeim-
ageinto overlappingregions of the samesize, on which
thesefeaturesare de 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 = f1;:::;Jg index the
label nodes(sites) within region r. The parametelwa,J
connectinghiddenregionalvariablef ., andlabelnodel, ;
speci espreferencesor the possibleabelvalueof |, . So
W, canberepresentedsavectorwith jLj elements. We
alsorepresenthelabelvariablel,;; asavectorwithjLj ele-
ments,n whichthevth elemenis 1 andtheotheris O when
lrj = v. Thus,the probabilisticmodeldescribingregional
labelfeatureshasthefollowing joint distribution:

n o}

Pr(L;f)/ exp frawll

ra

where f ffr.ag representsall the binary hidden
regional variables,w, = [Wa1;:::;Wag; al, =
Oea5::i05 105 1], and 4 is abiasterm. Herethe5|te5| are

indexed by (r;), becausesitei correspondso a different
nodej in regionr basednthepositionof thatregionin the
image.

Intuitively, the mostprobablecon guration of eachfea-
tureis eitherthe label patternl; in region r matchingw,
andf;., = 1, or the label patternl, doesnot matchw,
andf,., = 0. Giventhehiddenregionalvariablesthelabel
variablesareconditionallyindependenandthedistribution
of eachlabelnodecanbewrittenas

P
D eXp[ é;(r;j )= fr;aWa;j ;V]
v &XPL 4 ()= friaWaj vol

Pr(li = vjf) =

wherethe site is indexed by i andthe summationranges
over all featuresde ned on regionsthat containi. Thus,



thefeaturespecifyamultinomialdistribution overthelabel
of eachsite. Finally, the regional componenbf our model
is formedby malginalging out the hiddenvariablesin this
sub-modelPr (L) / ~  [1+ exp(w]I,)].

3. Global Label Features Each coarse-resolution
globalfeatue hasasits domainthelabel eld for thewhole
image(thoughin principle we could usesmaller elds an-
choredat speci c locations,asin Fig. 2). Theseglobalfea-
turesarealsocon gured asan RBM, with undirectedinks
betweerthe hiddenglobalvariablesandthelabelvariables.
Let bindex thegloballabel patternsencodedn the param-
etersfu,g andg = f gyg bethebinaryhiddenglobal vari-
ables. In orderto encouragehesevariablesto represent
coarseaspectof the label eld, we divide the label eld
into non-overlappingpatchegy,;m 2 f1;:::;M g, andfor
eachhiddenglobal variablegs, its connectionswvith thela-
bel nodeswithin patchp,, areassigned singleparameter
vectoruy,,, . Thesetied parametergffectively specifythe
samedistribution for eachlabelnodewithin the patch(and
reducethe numberof free parameters).Like the regional
componentthegloballabelfeaturemodelhasajoint distri-
bution

P
Pa(L;g)/ exp  ,Gougl
The global featuresalsospecifya multinomial distribu-
tion over eachlabel nodeby their parametersNote thata
globalfeature aswell asaregionalfeature canspecifythat
it effectively “doesnt care”aboutthe label of a givennode

areequalacrosslabel valuesv. This enablesa featureto
be sparseandfocuson labelsin particularregions, allow-
ing otherfeaturesto determinethe otherlabels. The joint
modelis matgilalizedto obtainthe global featurecompo-
nent:Pg(L) / = [1+ exp(u]L)].

4. Combining the Components The multiplicatively
combinedprobability distribution over the label eld hasa
simpleclosedform (seeEqn.1):

oy 1@
P(LIX; )= 7 v
[1+ exp(wg )]

ra b

i Pe(lijxis )
[1+ exp(ufL)]

where = f ;fwag;fupg; gisthesetof parametersn
the model. We include a tradeof parameter becausdhe
classi er is learnedbeforethe other componentsand the
modelneedgo modulatethe effect of over-con dentincor
rectclassi er outputs.

Equationl shavs thatthe modelformsredundantepre-
sentationof thelabel eld. A key attribute of our model,
asin boostingandotherexpertcombinationapproacheds
complementarityeachcomponenshouldlearnto focuson
aspectsnodeledlesswell by others. Also, the labeling of
an image must maximally satisfy all relevant predictions

(the classi er's and the features')at every site. In partic-
ular, we expectthe globalfeaturego help disambiguatéor
evenoverride)theclassi er'sjudgment.

2.1. Parameter Estimation

For estimatingheparameters, we assume setof labeled
imagesD = f(L'; X!);t = 1;::;Ngis available. We train
the conditionalmodeldiscriminatizely basedon the Condi-
tional Maximum Lik elihood(CML) criterion, which maxi-
mizesthelog conditionallik elihood:
X
= argmax logP(L'jX"; ):
t

A gradient-basedlgorithmcanbe appliedto maximizethe
conditionallog likelihood. Calling hg the unnormalized
Ps(LjX), we obtainthefollowing learningrule:

@oghs @oghs

/
S
@s  pyuix) @s

P (LjX)

where ¢ arethe parametersn componentPs, Po(LjX)
is the datadistribution de ned by D, andP (LjX) is the
modeldistribution. However, we needto calculateexpecta-
tionsunderthe modeldistribution, which is dif cult dueto
thenormalizationfactorZ . Onepossibleapproachs to ap-
proximatethe expectationsby Markov chain Monte Carlo
(MCMC) sampling but thisrequiresextensive computation
andtheestimatedyradientdendto bevery noisy.

In this paper we apply the contrastie divergence(CD)
algorithm[7]. CD is anapproximatdearningmethodthat
overcomesthe dif culty of computingexpectationsunder
the model distribution. The key bene t of applying CD
to learningparameterén arandom eld is thatratherthan
requiring corvergenceto equilibrium, suchasin MCMC,
one only needsto take a few stepsin the Markov chain
to approximatethe gradients,which can be a huge sav-
ings, particularly during learningwhenthe gradientsmust
be updatedrepeatedly In addition, becauseour modelis
a form of additive random eld, a block Gibbs sampling
chaincanbeimplementedef ciently, simply computingthe
conditional probabilitiesof the featuresetsf andg given
L andvice versa.Theoriginal CD algorithmoptimizesthe
parameter®f a model by approximatelymaximizing data
likelihood;we extendit hereto the objective of maximizing
conditionallikelihood.

2.2. Inferencefor Labeling an Image

To labelanew imageX , we needto infer the optimallabel
con guration L given X. Therearetwo main criteria for
inferring labelsfrom the posteriordistribution [1]: maxi-
muma posteriori(MAP) andmaximumposteriomaiginals
(MPM). ExactMAP is dif cult to computedueto the high



dimensionalityanddiscretedomainof L. Also, it canbetoo

consenative in searchingapproximatesolutionsbecauset

only considersthe most probablecaseand disregardsthe
differencebetweenother solutions. The MPM criterion,
which minimizesthe expectednumberof the mislabeled
sitesby takingthe modesof posteriomanmginals:

I, = argmlaxP(Iin); 8i2S
usuallyproducesa bettersolution. In this paper we adopt
MPM. EvaluatingP (1;jX) in ourmodelis intractabledueto
its loopy structure sowe mustresortto approximatenfer-
encemethods We useGibbssamplingdueto its simplicity
andfastcorvergence. Note that we cantake advantageof
our architectureto startsamplingthe chainin a reasonable
initial point, given by the label distribution output by the
classier.

3. Experimental Results

3.1. Data Sets

We appliedour mCRFto two naturalimagedatasets.The

rst datasetis a 100image subsetof the Corel image
databaseconsistingof African and Arctic wildlife nat-
ural scenes. We labeledthem manually into 7 classes:
'rhino/hippo’, 'polar bear', 'vegetation', 'sky’, 'water’,
‘snaw' and'ground'. Thetrainingsetincludes60randomly
selectedmagesandthe remaining40 for testing;eachim-
ageis 180 120pixels.

The seconddataset,the Sowverby Image Databaseof
British Aerospace,is a set of color imagesof out-door
scenesand their associatedabels. The imagescontain
mary typical objectsnearroadsin rural andsuturbanarea.
After preprocessintheimagesasin [3], we obtain104im-
ageswith 8 labels:'sky’, 'vegetation','roadmarking’, 'road
surface’,'building’, 'streetobjects’,'cars' and'unlabeled'.
During testing,we do not considerthe unlabeledsitesand
themodel's outputfor them.We randomlyselect60images
astraining dataandusethe remaining44 for testing;each
imageis 96 64 pixels.

We extracta setof imagestatisticsx; ateachimagesite
i, including color, edgeand texture information. In these
experimentsgachsite corresponds$o a singleimagepixel.
For the color information, we transformthe RGB values
into CIE Lab* color spacewhich is perceptuallyuniform.
The edgeandtexture are extractedby a setof Iterbanks
includingdifference-of-Gaussiatter at3 differentscales,
andquadraturegpairs of orientedeven- and odd-symmetric
Iters at 4 orientations(0; =4; =2;3 =4) and 3 scales.
Thuseachpixel is representetdy 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 parametersthe sequentiabpproachis
moreefcient. Theclassi eris a 3-layermultilayerpercep-
tron (MLP) with sigmoidhiddenunitsandjLj outputswith
softmaxactivation function (sowe caninterpretthe output
asthe posteriordistribution over labels). For eachimage
site,theinput of the MLP is theimagestatisticswithin alo-
cal3 3 pixelwindow centeredatthatsite. Largerwindow
sizes(e.g.5 5) producedonly smallimprovementsn the
classi cationratebut needmuchlongertraining. The MLP
is trainedto minimizethe cross-entropfor multiple classes
with ascaledconjugategradientalgorithm.In the CD algo-
rithm, we alwaysrun a Markov chainfor 3 stepsfrom the
correctlabelcon guration.

We compareour approacfwith an MRF, de ned asa
generatte modelP (L;X) = ~, P(x;jli)P (L), wherex;
is the image statisticsvector at imagesite i. The class-
conditionaldensityP (x;jl;) is modeledby a Gaussiammix-
turewith diagonalcovariancematrices We learnthe Gaus-
sianmixturewith the EM algorithmandchoosehenumber
of mixture componentausing a validation set. The label
eld P(L) is modeledby a homogeneousandom eld de-

ned onalattice:
8 9

< X X X
P(L)/ exp, wv (liu) (V).

i2Sj2N; uv

wherethe parameter ., measureghe compatibility be-
tweenneighboringnodes(l;; I;) whenthey take the value
(u; v). We trainedthe random eld modelP (L) usingthe
pseudo-liklihoodalgorithm[12]. To infer the optimal la-
belinggivena new image,we usethe sameMPM criterion
wherethe maginal distribution is calculatedby the loopy
belief propa@tionalgorithm[4].

3.3. Performance Evaluation

We evaluatethe performanceof our modelby comparing
with the generatre MRF andthe local classi er over the
SaverbyandCoreldatasetsThecorrectclassi cationrates
onthetestsetsof bothdatasetareshavnin Tablel. Forthe
Coreldatasetthelocal classi eris anMLP with 80 hidden
nodesandtheregionalfeaturesarede nedon8 8regions
with overlap4 in eachdirection,while the global features
arede ned onthewholelabel eld with patchsize1l8 12

Thereare 30 regional featuresand 15 global features.For

the Saverby data, the local classi er has50 hiddenunits

andtheregionalfeaturesarede nedon6 4 regionsover

lappedby 2 horizontallyand 3 vertically. The global fea-

turesarede nedon8 8 patche®f labelsites.Therearel0

globalfeaturesand 20 regional features.For bothmCRFs,
we settheclassi er weightingparamete( = 0:9) andthe

model structure—numbeof regional and global features,
andregion sizes—using smallvalidationset.



Tablel: Classi cationratesfor themodels.

Database Classier MRF mCRF
Corel 66.9% 66.2% 80.0%
Soverby  82.4% 81.8% 89.5%

Table2: Confusionmatrixin percentagéor Coreldata.En-
try (row i, columnj ) meandruelabeli wasestimateds; .

| [[rha|br | ws | sn [ vgs | grdm | skm |

m || 927 014 | 053 | 0.01 | 1.01 1.00 0
0.08| 8.06| 0.01 | 052 | 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
m || 113|118 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 comparabldo the MRF, while our model
providesa signi cant improvement. The resultshavs the
adwantageof discriminatve over generatre modelingand
the weaknesf local interactionscapturedby the MRF
model. The confusionmatrix for the testingresultson our
MCRF model is shavn in Tables2-3, where the values
show thepercentagef labelsin thewholetestingdata. The
tablesshow that the errorsmadeby our modelare consis-
tent acrossthe classes.For the Sowerby data, the overall
performancds comparabldo the bestresultin published
classi cationresulton this dataset90:7% in [13].

We alsoshaw theoutputsof thelocalclassi er, MRF and
our modelon sometestimagesin Figure5. Theclassi er
worksreasonablyvell but canbeeasilyfooledsincenocon-
textual informationis included. The MRF producesquite
smoothlabel con gurationsbut it may smoothin a wrong
way becauset capturesonly local contet, which canbe
misleading. Our mCRF modelgeneratesnore reasonable
labelingsin which the contextual information provided by
regionalandglobalfeaturescorrectamostof thewrongpre-
dictionsfrom thelocal classi e—evenwhentheseoccupy
large,scatteregbortionsin theimage.We cantake theprob-
ability of labelingfor eachsiteasacon dencemeasureand
form acon dencemapof thelabeling(seeFig. 5, rightmost
column). This con dencemeasureshe quality of the pre-
diction in a consistentway: note how it tendsto be low
aroundboundarieandwherethe modelcannotreversethe
classi er's wrong labeling due to confusionby highlights
or shadavs. The modelperformancen this casecould be
improvedby letting the labelfeatureshave accesdo image
statisticsaswell.

Table3: Confusionmatrixin percentagéor Soverbydata.

| [ skm | vg= [rdm | rdss | bdm [ strm | carm |

m || 1201| 053 | 0.00 | 0.01 | 0.03| 0.00 | 0.01
0.83 | 33.39| 0.01 141 | 2.71| 0.03 | 0.09
0.00 | 0.00 | 0.08 | 0.10 | 0.00 0 0

[ 0.01 | 094 | 0.02 | 40.33| 0.10| 0.01 | 0.05

u 0.06 | 2.60 | 0.02 | 0.30 | 3.05| 0.01 | 0.05

u 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 | 0.24

Figure4 shavs a subsetof the parametersearned,i.e.,
the conditionalprobability tablesin the regionalandglobal
features. For legibility, only the mostprobablelabelsare
shawn for eachsite andeachfeaturepatternis displayedas
a matrix of blocks. The color of eachblock representshe
labelvaluewith thehighestprobability(cf. thekey in Fig.5)
and the block size is proportionalto the probability val-
ues. Figure4 shaws 5 regional featuresfrom the Sowerby
dataand5 globalfeaturedrom the Coreldata. We cansee
thattheregionalfeaturecapturewithin-labelregularitiesas
well ascross-labeboundaryregularities. For example,the

rst regional featureis mostly devotedto ‘ground’, while
thefourthonerepresenttheboundarybetweervegetation’
and'sky’. Theglobalfeaturesapturecoarsepatternsn the
entirelabel eld andre ect the global contet in the data.
For instance the secondglobal featureshavs the rhino or
hippo is usually surroundedby vegetationand water and
the sky is above them,while the fourth oneshaows the bear
is oftensurroundedy snow.

4. Discussion

The methodproposecdhereis similar to earlierapproaches
to the problem of object detection,or the more general
taskof imagelabeling,in thatit combinedocal classi ers
with probabilisticmodelsof labelrelationshipsinsightinto
thesevariousmodelscanbe gainedby comparingthe solu-
tions to the basicproblemposedin the introduction: how
caninformationat differentscalesbe representedearned,

Figure4: Examplesof learnedregionallabelfeaturesrom
the Sowerby dataset(abore, 6 4 sites)and global label
featuresontheCoreldatase{belon, 10 10blockseachof
18 12sites).
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andcombined?

A primary differencebetweentheseearliermodelsand
ourmodelis theform of therepresentationverlabels.One
methodof capturinglabel relationshipss througha more
conceptuabraphicalmodel, suchasan abstractiorhierar
chy consistingof scenespbjects andfeatureg14]. Thedis-
tribution over labelscanalsobe obtainedbasedn pairwise
relationshipbetweerabelsatdifferentsites.RecentlyKu-
marandHebert9] extendedearlierMRF approachefs] by
including imageinformationin the learnedpairwisecom-
patibilities betweenabelsof differentsites. Trainingtheir
model discriminatvely as opposedto generatiely led to
signi cant improvementdn detectingman-madestructures
in imagesover traditionalMRF approaches.

An alternatve to a pairwiselabelmodelis a tree-based
model[3, 13]. Tree-basednodelshave the potentialto rep-
resentlabel relationshipsat differentscalescorresponding
to conditional probability tablesat differentlevels in the
tree. Statictree-basednodelsarelimited in their e xibil-

ity dueto the x ednatureof thetree,which tendsto leadto

blocky labelings. The dynamictree model[13] elegantly

overcomesthis approachby constructingthe tree on-line
for a givenimage;however, inferenceis quite complicated
in this model, necessitating:omplicatedvariational tech-
nigues.Thusthe CPTslearnedn thismodelwererestricted
to very simplelabelrelationships.

In our model,awide variety of patternsof labels,at dif-
ferentscales arerepresentedby the featuresandthe fea-
turesall interactatthelabellayer ThemCRFmodelis at-
terthanthetreesandthefeaturesedundantlyspecifylabel
predictions. The modelis thereforesearchingor a single
labelingfor a givenimagethatmaximally satis esthecon-
straintsimposedby the active learnedfeatures.In the tree-
basednodels alternatve hypothesearerepresentedsdif-
ferenttreesandinferenceconsiderglistributionsovertrees.
Our methodinsteadcombinesthe probabilisticpredictions
of differentfeaturesatvariousscalesusingaproductmodel,
which naturallytakesinto accountthe con dence of each



features prediction.

Our model is an instantiationof a larger framework,
whereindividual sub-modelsspecializeon tasksand have
accesso particularinformation. Furtherwork canconsidey
for example, label featuresover a rangeof scales(rather
thanjust local andglobal), or label featuresthat have also
accesgo someimage statistics. Generatie modelscan-
notincludeimageinformationaswell aslabelpatternsnto
learnedieaturesWe expectthatthiswill enablehefeatures
to localize boundariesbetweenobjectsin a more precise
manner

Ideally the systemwe describedwvould be appliedto a
higherlevel of inputimagerepresentationto apply to la-
beledimage featuresratherthan individual pixels. How-
ever, this requiresa consistentandreliable methodfor ex-
tractingsuchrepresentationsom images.

Finally, automaticimagelabelinghasseveral direct ap-
plications, including video suneying or object detection
andtracking.A primaryapplicationis content-baseinage
retrieval. Many currentcontent-baseduery methodsrely
on globalimageproperties which do not handlesearches
for speci c objectsin a variety of sceneg2]. As the qual-
ity of imagedataincreasesit becomesnoreimportantto
have a mechanisnfor classifyingimagesasfully aspos-
sible prior to insertioninto a database After learningour
modelonasmall,representatie dataset theentiredatabase
can be labeledautomatically Then, userqueriessuchas
“nd imageswith hipposin water” canbe processedery
quickly. Indexesfor the classesssociatedvith eachimage
couldbegeneratedor eachimage whichwouldallow rapid
retrieval; alternatvely, morespeci c regionsof imagescan
beretrievedbasedn the pixel labels.

5. Conclusions

We have presente novel probabilisticmodelfor labeling
imagesinto a prede nedsetof classlabels. The modelis a
productcombinationof individual models,eachproviding
labelinginformationfrom differentaspect®of theimage:a
classi er thatlooks at local imagestatistics;regional label
featuresthat look at local label patterns;and global label
featuresthatlook at large, coarselabel patterns. Both the
classi er andthe labelfeaturesarelearnedfrom a training
setof labeledimages. This stratgy resultsin consensual
labelingsthat have to agreewith the imagestatisticsbut at
the sametime respecigeometricrelationshipsetweernob-
jectsat a local andglobal scale. The main reasongor our
model's successreits direct representatiof large-scale
interactionsandits devoting resource$o modellingthe la-
bel spacebut not theimagespace.A chief novelty of the
work is thatwe generalizehestandardorm of featurefunc-
tions usedin CRFsto usehiddenvariables,eachencoding
alearnedpatternwithin a subsebf labelvariables.
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