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Abstract

We formulatea modelfor probabilitydistributionsonimagespacesWe

shawv thatary distribution of imagescanbefactoredexactly into condi-
tional distributions of featurevectorsat one resolution(pyramid level)

conditionedon the imageinformation at lower resolutions. We would

liketo factorthis overpositionsn thepyramidlevelsto makeit tractable,
but suchfactoringmaymisslong-rangedependenciedio fix this,wein-

troducehiddenclasslabelsat eachpixel in the pyramid. The resultis

a hierarchicalmixture of conditionalprobabilities,similar to a hidden
Markov modelon atree. The modelparametersanbe foundwith max-
imum likelihoodestimationusingthe EM algorithm. We have obtained
encouragingreliminaryresultsonthe problemsof detectingvariousob-

jectsin SAR imagesandtargetrecognitionin opticalaerialimages.

1 Intr oduction

Many approacheso object recognitionin imagesestimatePr(cla a . By con-

trast, a model of the probability distribution of images,Pr( a , hasmary attrac-

tive features. We could use this for object recognitionin the usualway by training

a distribution for eachobject classand using Bayes’ rule to get Pr(cla a

Pr( a «cla Pr(cla Pr( a .Clearlytherearemary otherbenefitsof having a

modelof thedistribution of imagessinceary kind of dataanalysigaskcanbeapproached
usingknowledgeof the distribution of the data. For classificationwe could attemptto de-

tectunusuakxamplesandrejectthem,ratherthantrustingthe classifiers output. We could

alsocompressinterpolate suppressoise,extendresolution fusemultipleimagesegtc.

Many imageanalysisalgorithmsuseprobability conceptsbut few treatthe distribution of
imagesZhu, Wu andMumford [9] dothisby computinghemaximumentrogy distribution
givenasetof statisticsfor somefeaturesThis seemso work well for texturesbut it is not
clearhow well it will modeltheappearancef morestructuredbjects.

Therearesereral algorithmsfor modelingthe distributionsof featuresextractedfrom the
image,insteadof theimageitself. The Markov RandomField (MRF) modelsare an ex-
ampleof this line of development;see,e.g.,[5, 4]. Unfortunatelythey tendto be very
expensve computationally

In De BonetandViola's flexible histogramapproact?2, 1], featuresareextractedat mul-
tiple image scales,and the resultingfeaturevectorsare treatedas a set of independent
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Figurel: Pyramidsandfeaturenotation.

samplegdravn from a distribution. They thenmodelthis distribution of featurevectors
with Parzenwindows. This hasgivengoodresults,but the featurevectorsfrom neighbor
ing pixelsaretreatedasindependentivhenin factthey shareexactly the samecomponents
from lower-resolutionsTo fix this we mightwantto build amodelin whichthefeaturesat
onepixel of onepyramidlevel conditionthe featuresat eachof several child pixelsat the
next higherresolutionpyramidlevel. ThemultiscalestochastiprocesgMSP) methodsdo
exactly that. LuettgenandWillsky [7], for example,applieda scale-spacauto-rgjression
(AR) modelto texture discrimination. They usea quadtreeor quadtree-lile organization
of the pixelsin animagepyramid,andmodelthe featuresn the pyramid asa stochastic
procesdrom coarse-to-findevels alongthetree. Thevariablesin the processarehidden,
andthe obsenationsaresumsof thesehiddenvariablesplusnoise. The Gaussiarlistribu-
tionsarea limitation of MSP models. The resultis alsoa modelof the probability of the
obsenationson thetree,not of theimage.

All of thesemethodsseemwell-suitedfor modelingtexture, but it is uncleathow we might
build themodelsto capturegheappearancef morestructuredbjects.Wewill aguebelow
thatthe presencef objectsin imagescanmake local conditioninglik e thatof the flexible
histogramand MSP approachesappropriate.In the following we presenta modelfor
probability distributions of images,in which we try to move beyond texture modeling.
This hierarchicalimageprobability (HIP) modelis similar to a hiddenMarkov modelon
atree,andcanbe learnedwith the EM algorithm. In preliminarytestsof the modelon
classificatiortasksthe performancevascomparabléo thatof otheralgorithms.

2 Coarse-to-finefactoring of imagedistrib utions

Our goal will be to write the image distribution in a form similar to Pr(

Pr( Pr( , Where isthesetof featureimagesat pyramidlevel . We
expectthat the short-rangedependenciesan be capturedby the models distribution of
individual featurevectorswhile thelong-rangedependenciesanbe capturedsomeh at
low resolution.Thelarge-scalestructuresaffectfiner scalesby the conditioning.

In factwe canprove thata coarse-to-findactoringlik e this is correct. From animage

we build a Gaussiampyramid (repeatedhblur-and-subsamplayith a Gaussiariilter). Call
the -thlevel |, e.g.,theoriginalimageis (Figurel). FromeachGaussiarevel we
extractsomesetof featureimages . Sub-sampldheseto getfeatureimages . Note

thattheimagesn  havethesamedimensionsas . Wedenoteby  thesetofimages
containing andtheimagesn . Wefurtherdenotethemappingfrom to by

Supposeow that isinvertible. Thenwe canthink of  asachangeof vari-



ables.If we have adistribution on a spacejts expressionsn two differentcoordinatesys-

temsarerelatedby multiplying by the Jacobianin this casewve getPr( Pr(
Since ( , we canfactorPr( to getPr( Pr( Pr( If
is invertiblefor all { } thenwe cansimply repeathis changeof variable

andfactoringprocedureo get

Pr( Pr( Pr( 1)

Thisis avery generakesult. We have simply taken a vectorspace performeda changeof
basis,split the componentén the new basisinto two sets,andrewritten the distribution as
onesetof componentsonditionedon theother The choicesthatleadto Equationl rather
thansomeotherconditionalfactoringof Pr(  represenbur prior beliefsaboutthe nature
of imagesj.e.,we madethosechoiceshecauseve think they will beuseful.

3 The needfor hidden variables

For the sale of tractabilitywe wantto factorPr( over positions,somethindike
Pr( Pr ( ( where ( and ( arethefeaturevectors

atposition . Thedependencef on expresseshe persistencef imagestructures
acrossscale,e.g., an edgeis usually detectableas suchin several neighboringpyramid
levels. The flexible histogramand MSP methodssharethis structure. While it may be
plausiblethat ( hasastronginfluenceon ( , wearguenow thatthisfactorization
andconditioningis not enoughto capturesomepropertieof realimages.

Objectsin theworld causecorrelationsandnon-localdependencies images.For exam-
ple, the presencef a particularobjectmight causea certainkind of textureto be visible
atlevel . Usuallylocal features by themseleswill not containenoughinformation
to infer the object’s presencebut the entireimage atthatlayermight. Thus ( is
influencedby moreof thanthelocal featurevector

Similarly, objectscreatelong-rangedependenciesFor example, an object classmight
resultin akind of textureacrossalargeareaof theimage.If anobjectof this clasds always
presentthe distribution may factor but if suchobjectsarent always presentand cant
be inferredfrom lowerresolutioninformation, the presencef the texture at onelocation
affectsthe probability of its presencelsavhere.

We introducehiddenvariablego representhenon-localinformationthatis notcapturedy
local features.They shouldalsoconstrairnthe variability of featuresat the next finer scale.
Denotingthemcollectivelyby , weassumehatconditioningon allowsthedistributions
overfeaturevectorsto factor In generalthedistribution overimagesbecomes

Pr( Pr ( ( Pr( Pr( 2)

As writtenthisis absolutelygeneralsowe needto bemorespecific.ln particularwe would
like to presere the conditioningof higherresolutioninformation on coarseiresolution
information,andthe ability to factorover positions.



Figure2: Treestructureof the conditionaldependengbetweerhiddenvariablesn theHIP
model.With subsamplindpy two, thisis sometimegalleda quadtreestructure.

As afirst modelwe have choserthe following structurefor our HIP model?
Pr( Pr( (  Pr( ( @)

To eachposition at eachlevel we attacha hiddendiscreteindex or label ( . The
resultinglabelimage for level hasthesamedimensionsstheimagesn

Since ( codesnon-localinformationwe canthink of thelabels asa segmentation
or classificationat the -th pyramidlevel. By conditioning ( on ( , wemean
that ( is conditionedon at the parent pixel of . This parent-childrelationship
follows from the sub-samplingperation.For example,if we sub-sampldoy two in each
directionto get  from , we conditionthe variable at ( in level on at
location( in level (Figure?2). This givesthe dependenggraphof the
hiddenvariablesatreestructure.Suchaprobabilistictreeof discretevariabless sometimes
referredto asa belief network. By conditioningchild labelson their parentsnformation
propagateshoughthe layersto otherareasof the imagewhile accumulatingnformation
alongtheway.

For the sale of simplicity we've chosenPr( to be normalwith mean
andcovariance . Wealsoconstrain and tobediagonal.

4 EM algorithm

Thanksto thetreestructurethebelief network for the hiddenvariableds relatively easyto
train with an EM algorithm. The expectationstep(summingover 's) canbe performed
directly. If we had chosena more densely-connectestructurewith eachchild having
severalparentsyewouldneedeitheranapproximatelgorithmor MonteCarlotechniques.
The expectationis weightedby the probability of a label or a parent-childpair of labels
giventheimage. This canbe computedn afine-to-coarse-to-finprocedurej.e. working
from leavesto the root andthen backout to the leaves. The methodis basedon belief
propagatiorj6]. With somecareanefficientalgorithmcanbeworkedout, but we omit the
detailsdueto spaceconstraints.

Oncewe cancomputetheexpectationsthenormaldistribution makesthe M-steptractable;
wesimplycomputeheupdated , , andPr( ascombination®f various
expectationvalues.

1The proportionality factor includes which  we model as
. This is the factor of Equation3, which shouldbe
readashaving no quantities or
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Figure3: Examplesof aircraftROls. Ontherightare  valuesfrom ajack-knifestudyof
detectionperformancef HIP andHPNN models.

Figure4: SAR imagesof threetypesof vehiclesto bedetected.

5 Experiments

We appliedHIP to the problemof detectingaircraftin anaerialphotograplof Loganair-
port. A simpletemplate-matchinglgorithmwas usedto selectforty candidateaircraft,
twenty of which werefalsepositves(Figure3). Ten of the planeexampleswereusedfor
training one HIP modelandten negative exampleswere usedto train another Because
of thesmallnumberof exampleswe performeda jack-knife studywith ten randomsplits
of the data. For featureswe usedfilter kernelsthatwerepolynomialsof up to third order
multiplying GaussiansThe HIP pyramidusedsubsamplindpy threein eachdirection.The
testsetROC areafor HIP hada meanof , While our HPNN algorithm[8] gave a
mean  of . Theindividualvaluesshavn in Figure3. (We comparedvith the HPNN
becausét hadgiven on a larger setof aircraftimagesincluding thesewith a
differentsetof featuresandsubsamplingdpy two.)

We alsoperformedanexperimentwith thethreetargetclassesn theMSTAR publictargets
dataset,to comparewith the resultsof the flexible histogramapproactof De Bonet,etal
[1]. WetrainedthreeHIP models,onefor eachof thetargetvehiclesBMP-2,BTR-70and
T-72 (Figure4). Asin [1] we trainedeachmodelon tenimagesof its class,oneimagefor
eachof tenaspectangles,spacedapproximately  apart. We trainedonemodelfor all
tenimagesof atarget,wherea®e Bonetet al trainedonemodelperimage.

Wefirsttried discriminatingoetweervehiclesof oneclassandotherobjectsby thresholding
1 Pr( cla ,i.e.,nomodelof otherobjectss used.Fortheteststheotherobjectswere
takenfrom thetestdatafor thetwo othervehicleclassesplussevenothervehicleclasses.



ROC using Pr (1 target ) ROC using Pr (1 | targetl ) / Pr (1 | target2 )

true positives
°
@

true positives
°
&

- - BMP-2: Az=0.77 BMP-2vs T-72: Az =0.79
T-72: Az=0.64 --—-  BMP-2vs BTR-70: Az=0.82
01ff / —— BTR-70: Az=0.86 011 —— T-72vs BTR-70: Az=0.89

0 01 02 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 07 08 09 1
false positives false positives

a b

Figure5: ROC curvesfor vehicledetectionin SAR imagery (a) ROC curvesby thresh-
olding HIP likelihoodof desiredclass.(b) ROC curvesfor inter-classdiscriminationusing
ratiosof likelihoodsasgivenby HIP models.

Therewerel,838imagefrom thesesevenotherclasses391BMP2testimages196BTR70
testimagesand386 T72 testimages.TheresultingROC curvesareshavn in Figure5a.

WethentrieddiscriminatingoetweerpairstargetclassesisingHIP modellik elihoodratios,
ie,l1 Pr( cla 1 Pr( cla . Herewecouldnotusetheextrasesenvehicle
classesTheresultingROC curvesareshavnin Figure5b. The performancés comparable
to thatof theflexible histogramapproach.

6 Conditional distrib utions of features

To furthertestthe HIP models fit to the imagedistribution, we computedseveral distri-

butionsof features (  conditionedon the parentfeature (.2 The empiricaland
computedlistributionsfor a particularparent-childoair of featuresareshown in Figure6.

Theconditionaldistributionswe examinedall hadsimilarappearancendall fit theempir

ical distributionswell. BuccigrossiandSimoncelli[3] have reportedsuch“bow-tie” shape
conditionaldistributionsfor a variety of features.We wantto point out that suchcondi-
tional distributions are naturally obtainedfor any mixture of Gaussiardistributionswith

varyingscalesandzeromeans.The presenHIP modellearnssuchconditionals,n effect
describinghefeaturesasnon-stationaryzaussiarvariables.

7 Conclusion

We have developeda classof imageprobability modelswe call hierarchicaimageproba-
bility or HIP models.To justify these we shavedthatimagedistributionscanbe exactly
representeds productsover pyramid levels of distributions of sub-sampledeatureim-
agesconditionedon coarsefscaleimageinformation. We arguedthathiddenvariablesare
neededo capturelong-rangedependenciewhile allowing us to furtherfactorthe distri-
butionsover position. In our currentmodelthe hiddenvariablesact asindicesof mixture

2Thisis somevhatinvolved; is notjust summecbver |, but
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Figure6: EmpiricalandHIP estimate®f thedistributionof afeature ( conditionedon
its parenffeature

componentsTheresultingmodelis somavhatlik e a hiddenMarkov modelon atree.Our
earlyresultson classificatiorproblemsshavedgoodperformance.
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