
Hierar chical ImageProbability (HIP) Models

Clay D. Spenceand LucasParra
Sarnoff Corporation

CN5300
Princeton,NJ08543-5300�

cspence,lparra� @sarnoff.com

Abstract

We formulatea modelfor probabilitydistributionson imagespaces.We
show thatany distribution of imagescanbefactoredexactly into condi-
tional distributionsof featurevectorsat oneresolution(pyramid level)
conditionedon the imageinformationat lower resolutions.We would
liketo factorthisoverpositionsin thepyramidlevelsto makeit tractable,
but suchfactoringmaymisslong-rangedependencies.To fix this,wein-
troducehiddenclasslabelsat eachpixel in the pyramid. The result is
a hierarchicalmixture of conditionalprobabilities,similar to a hidden
Markov modelona tree.Themodelparameterscanbefoundwith max-
imum likelihoodestimationusingtheEM algorithm. We have obtained
encouragingpreliminaryresultsontheproblemsof detectingvariousob-
jectsin SARimagesandtargetrecognitionin opticalaerialimages.

1 Intr oduction

Many approachesto object recognitionin imagesestimate�������
	���
�
�������������� . By con-
trast, a model of the probability distribution of images, ����������������� , has many attrac-
tive features. We could use this for object recognitionin the usual way by training
a distribution for eachobject classand using Bayes’ rule to get ��������	���
 
��������������"!�����#�����������$��	���
 
��%�����&��	���
 
 � '(���
������������� . Clearlytherearemany otherbenefitsof having a
modelof thedistributionof images,sinceany kind of dataanalysistaskcanbeapproached
usingknowledgeof thedistribution of thedata.For classificationwe couldattemptto de-
tectunusualexamplesandrejectthem,ratherthantrustingtheclassifier’soutput.Wecould
alsocompress,interpolate,suppressnoise,extendresolution,fusemultiple images,etc.

Many imageanalysisalgorithmsuseprobabilityconcepts,but few treatthedistribution of
images.Zhu,Wu andMumford[9] dothisby computingthemaximumentropy distribution
givena setof statisticsfor somefeatures.Thisseemsto work well for texturesbut it is not
clearhow well it will modeltheappearanceof morestructuredobjects.

Thereareseveralalgorithmsfor modelingthedistributionsof featuresextractedfrom the
image,insteadof the imageitself. TheMarkov RandomField (MRF) modelsareanex-
ampleof this line of development;see,e.g., [5, 4]. Unfortunatelythey tend to be very
expensivecomputationally.

In De BonetandViola’s flexible histogramapproach[2, 1], featuresareextractedat mul-
tiple imagescales,and the resultingfeaturevectorsare treatedas a set of independent
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Figure1: Pyramidsandfeaturenotation.

samplesdrawn from a distribution. They thenmodel this distribution of featurevectors
with Parzenwindows. This hasgivengoodresults,but thefeaturevectorsfrom neighbor-
ing pixelsaretreatedasindependentwhenin factthey shareexactly thesamecomponents
from lower-resolutions.To fix thiswemightwantto build amodelin which thefeaturesat
onepixel of onepyramidlevel conditionthefeaturesat eachof severalchild pixelsat the
next higher-resolutionpyramidlevel. Themultiscalestochasticprocess(MSP) methodsdo
exactly that. LuettgenandWillsky [7], for example,applieda scale-spaceauto-regression
(AR) modelto texturediscrimination.They usea quadtreeor quadtree-like organization
of the pixels in an imagepyramid,andmodelthe featuresin the pyramidasa stochastic
processfrom coarse-to-finelevelsalongthetree. Thevariablesin theprocessarehidden,
andtheobservationsaresumsof thesehiddenvariablesplusnoise.TheGaussiandistribu-
tionsarea limitation of MSPmodels.Theresultis alsoa modelof theprobabilityof the
observationson thetree,notof theimage.

All of thesemethodsseemwell-suitedfor modelingtexture,but it is unclearhow wemight
build themodelsto capturetheappearanceof morestructuredobjects.Wewill arguebelow
thatthepresenceof objectsin imagescanmake local conditioninglike thatof theflexible
histogramandMSP approachesinappropriate.In the following we presenta model for
probability distributions of images,in which we try to move beyond texture modeling.
This hierarchicalimageprobability (HIP) modelis similar to a hiddenMarkov modelon
a tree,andcanbe learnedwith the EM algorithm. In preliminarytestsof the modelon
classificationtaskstheperformancewascomparableto thatof otheralgorithms.

2 Coarse-to-finefactoring of imagedistributions

Our goal will be to write the image distribution in a form similar to ������)*�,+������-/.0�$-21
�3�����&-214��-65��87
7�7 , where -/9 is thesetof featureimagesat pyramidlevel : . We
expect that the short-rangedependenciescanbe capturedby the model’s distribution of
individual featurevectors,while thelong-rangedependenciescanbecapturedsomehow at
low resolution.Thelarge-scalestructuresaffectfinerscalesby theconditioning.

In fact we canprove that a coarse-to-finefactoringlike this is correct. From an image )
webuild a Gaussianpyramid(repeatedlyblur-and-subsample,with a Gaussianfilter). Call
the : -th level ) 9 , e.g.,theoriginal imageis ) . (Figure1). FromeachGaussianlevel ) 9 we
extractsomesetof featureimages- 9 . Sub-sampletheseto get featureimages; 9 . Note
thattheimagesin ; 9 havethesamedimensionsas ) 9=<>1 . Wedenoteby ?; 9 thesetof images
containing) 9�<@1 andtheimagesin ; 9 . Wefurtherdenotethemappingfrom ) 9 to ?; 9 by ?A 9 .
Supposenow that ?A .CB ) .EDF ?; . is invertible.Thenwecanthink of ?A . asachangeof vari-



ables.If we have a distributionon a space,its expressionsin two differentcoordinatesys-
temsarerelatedby multiplying by theJacobian.In thiscaseweget ������)�.G��!H� ?A .%������� ?;I.J�K7
Since ?;I.�!L�M;I.�N )�1�� , we canfactor �����O?;I.J� to get ������)�.G�E!P� ?A .*�������Q;I./��)�1
�%���G��)�1��K7 If?A 9 is invertiblefor all :>R ��S N
7�7
7KN�TVUXW�� thenwecansimply repeatthischangeof variable
andfactoringprocedureto get

�����&)Y��! Z#[8\ 1]9=^_. � ?A 9��$�����Q;I9`��)�9=<@1��Ma6�����&) [ � (1)

This is a very generalresult.We have simply takena vectorspace,performeda changeof
basis,split thecomponentsin thenew basisinto two sets,andrewritten thedistributionas
onesetof componentsconditionedon theother. Thechoicesthatleadto Equation1 rather
thansomeotherconditionalfactoringof ������)*� representourprior beliefsaboutthenature
of images,i.e.,wemadethosechoicesbecausewe think they will beuseful.

3 The needfor hidden variables

For thesake of tractabilitywe want to factor �����Q;I93��)K9�<@1
� over positions,somethinglike������)*�6+Hb 9 bdc�e�fhgjiYkO����lQm`9���nO�_�$o&9�<@1���nO��p where mq9��#n8� and oQ9=<@1��#n8� arethefeaturevectors
at position n . Thedependenceof mq9 on oQ9=<@1 expressesthepersistenceof imagestructures
acrossscale,e.g., an edgeis usually detectableas suchin several neighboringpyramid
levels. The flexible histogramandMSP methodssharethis structure. While it may be
plausiblethat oQ9=<@1��#n8� hasa stronginfluenceon mq9��#nO� , wearguenow thatthis factorization
andconditioningis notenoughto capturesomepropertiesof realimages.

Objectsin theworld causecorrelationsandnon-localdependenciesin images.For exam-
ple, thepresenceof a particularobjectmight causea certainkind of texture to bevisible
at level : . Usually local featuresoQ9=<@1 by themselveswill not containenoughinformation
to infer theobject’s presence,but theentireimage ) 9=<>1 at that layermight. Thus m 9 �#n8� is
influencedby moreof ) 9=<@1 thanthelocal featurevector.

Similarly, objectscreatelong-rangedependencies.For example,an object classmight
resultin akind of textureacrossalargeareaof theimage.If anobjectof thisclassis always
present,the distribution may factor, but if suchobjectsaren’t always presentand can’t
be inferredfrom lower-resolutioninformation,thepresenceof the textureat onelocation
affectstheprobabilityof its presenceelsewhere.

Weintroducehiddenvariablesto representthenon-localinformationthatis notcapturedby
local features.They shouldalsoconstrainthevariability of featuresat thenext finer scale.
Denotingthemcollectivelyby r , weassumethatconditioningon r allowsthedistributions
over featurevectorsto factor. In general,thedistributionover imagesbecomes

�����&)Y��sut vxw [y\ 1]9=^y. ]c�e�f gjiYk ����lQm 9 ��nO�(zz o 9=<@1 �#nO��N�r{p�������r|��) [ �J}~������) [ ��7 (2)

As writtenthisis absolutelygeneral,soweneedto bemorespecific.In particularwewould
like to preserve the conditioningof higher-resolutioninformation on coarser-resolution
information,andtheability to factoroverpositions.
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Figure2: Treestructureof theconditionaldependency betweenhiddenvariablesin theHIP
model.With subsamplingby two, this is sometimescalledaquadtreestructure.

As a first modelwehavechosenthefollowing structurefor ourHIP model:1

������)*��s tvy�K�j�j�j� � v_��� k []9=^y. ]c�e�fhgji*k Z ���Yl&m 9 �#n8� zz o 9�<@1 ��nO�KN � 9 �#n8�$p@���Yl&� 9 �#n8� zz � 9=<>1 ��nO�$p a 7 (3)

To eachposition n at eachlevel : we attacha hiddendiscreteindex or label � 9 ��nO� . The
resultinglabelimager 9 for level : hasthesamedimensionsastheimagesin ?; 9 .
Since � 9 �#n8� codesnon-localinformationwe canthink of the labels r 9 asa segmentation
or classificationat the : -th pyramid level. By conditioning �Y9��#n8� on �Y9=<@1��#nO� , we mean
that � 9 ��nO� is conditionedon � 9=<@1 at the parent pixel of n . This parent-childrelationship
follows from thesub-samplingoperation.For example,if we sub-sampleby two in each
directionto get ; 9 from - 9 , we conditionthe variable � 9 at ��n�N��%� in level : on � 9�<@1 at
location ����n8'��G�YNY���`'��G�G� in level :8��W (Figure2). This givesthedependency graphof the
hiddenvariablesatreestructure.Suchaprobabilistictreeof discretevariablesis sometimes
referredto asa belief network. By conditioningchild labelson their parentsinformation
propagatesthoughthe layersto otherareasof the imagewhile accumulatinginformation
alongtheway.

For the sake of simplicity we’ve chosen������m 9 ��o 9=<@1 N�� 9 � to be normalwith mean �m 9 � � g �� � g o 9=<@1 andcovariance� � g . We alsoconstrain
� � g and � � g to bediagonal.

4 EM algorithm

Thanksto thetreestructure,thebeliefnetwork for thehiddenvariablesis relatively easyto
train with anEM algorithm. Theexpectationstep(summingover �Y9 ’s) canbeperformed
directly. If we had chosena more densely-connectedstructurewith eachchild having
severalparents,wewouldneedeitheranapproximatealgorithmorMonteCarlotechniques.
The expectationis weightedby the probability of a label or a parent-childpair of labels
giventheimage.This canbecomputedin a fine-to-coarse-to-fineprocedure,i.e. working
from leaves to the root andthenbackout to the leaves. The methodis basedon belief
propagation[6]. With somecareanefficientalgorithmcanbeworkedout,but weomit the
detailsdueto spaceconstraints.

Oncewecancomputetheexpectations,thenormaldistributionmakestheM-steptractable;
wesimplycomputetheupdated�m � g , � � g , � � g , and�����&��93�$��9�<@1�� ascombinationsof various
expectationvalues.

1The proportionality factor includes �_�
�#���q�����%� which we model as�I� �y�
��� � �����q�Q� � �� 3�h���_����� � �� 3�h� . This is the ¡I¢¤£ factor of Equation3, which shouldbe
readashaving noquantities¥ ��¦8§ or � ��¦8§ .
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Figure3: Examplesof aircraftROIs. On theright are r2¨ valuesfrom a jack-knifestudyof
detectionperformanceof HIP andHPNNmodels.

Figure4: SARimagesof threetypesof vehiclesto bedetected.

5 Experiments

We appliedHIP to theproblemof detectingaircraft in anaerialphotographof Loganair-
port. A simple template-matchingalgorithmwasusedto selectforty candidateaircraft,
twentyof which werefalsepositives(Figure3). Tenof theplaneexampleswereusedfor
training oneHIP modelandten negative exampleswereusedto train another. Because
of thesmallnumberof examples,we performeda jack-knifestudywith tenrandomsplits
of thedata.For featureswe usedfilter kernelsthatwerepolynomialsof up to third order
multiplying Gaussians.TheHIP pyramidusedsubsamplingby threein eachdirection.The
testsetROCareafor HIP hadameanof r2¨E! S 7 ©�ª , while ourHPNNalgorithm[8] gavea
meanr ¨ of

S 7 «�¬ . Theindividualvaluesshown in Figure3. (We comparedwith theHPNN
becauseit hadgiven r ¨ ! S 7 © S on a largersetof aircraft imagesincluding thesewith a
differentsetof featuresandsubsamplingby two.)

Wealsoperformedanexperimentwith thethreetargetclassesin theMSTAR publictargets
dataset,to comparewith theresultsof theflexible histogramapproachof De Bonet,et al
[1]. We trainedthreeHIP models,onefor eachof thetargetvehiclesBMP-2,BTR-70and
T-72 (Figure4). As in [1] we trainedeachmodelon tenimagesof its class,oneimagefor
eachof tenaspectangles,spacedapproximately­�«Y® apart. We trainedonemodelfor all
tenimagesof a target,whereasDeBonetetal trainedonemodelperimage.

Wefirst trieddiscriminatingbetweenvehiclesof oneclassandotherobjectsby thresholding	�¯���������){���
	���
�
 � , i.e.,nomodelof otherobjectsis used.For thetests,theotherobjectswere
takenfrom thetestdatafor thetwo othervehicleclasses,plussevenothervehicleclasses.
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Figure5: ROC curvesfor vehicledetectionin SAR imagery. (a) ROC curvesby thresh-
oldingHIP likelihoodof desiredclass.(b) ROCcurvesfor inter-classdiscriminationusing
ratiosof likelihoodsasgivenby HIP models.

Therewere1,838imagefromthesesevenotherclasses,391BMP2testimages,196BTR70
testimages,and386T72testimages.TheresultingROCcurvesareshown in Figure5a.

WethentrieddiscriminatingbetweenpairstargetclassesusingHIPmodellikelihoodratios,
i.e., 	�¯��0�����&)°�$��	���
 

W
��U±	�¯���������){����	���
 
²��� . Herewe couldnot usetheextra sevenvehicle
classes.TheresultingROCcurvesareshown in Figure5b. Theperformanceis comparable
to thatof theflexible histogramapproach.

6 Conditional distributions of features

To further testthe HIP model’s fit to the imagedistribution, we computedseveral distri-
butionsof features³�9��#n8� conditionedon the parentfeature ´G9=<@1��#nO� .2 The empiricaland
computeddistributionsfor a particularparent-childpair of featuresareshown in Figure6.
Theconditionaldistributionsweexaminedall hadsimilarappearance,andall fit theempir-
ical distributionswell. BuccigrossiandSimoncelli[3] havereportedsuch“bow-tie” shape
conditionaldistributionsfor a varietyof features.We want to point out that suchcondi-
tional distributionsarenaturallyobtainedfor any mixture of Gaussiandistributionswith
varyingscalesandzeromeans.ThepresentHIP modellearnssuchconditionals,in effect
describingthefeaturesasnon-stationaryGaussianvariables.

7 Conclusion

We have developeda classof imageprobabilitymodelswe call hierarchicalimageproba-
bility or HIP models.To justify these,we showedthat imagedistributionscanbeexactly
representedasproductsover pyramid levels of distributionsof sub-sampledfeatureim-
agesconditionedon coarser-scaleimageinformation.We arguedthathiddenvariablesare
neededto capturelong-rangedependencieswhile allowing us to further factorthe distri-
butionsover position. In our currentmodelthehiddenvariablesactasindicesof mixture

2This is somewhatinvolved; �_����µ�¶��h·�¶ ¦y§ � is not just �_����µ�¶���·
¶ ¦8§ �h��¶����_������¶�� summedover ��¶ , but¸º¹ g �_����µ�¶&�h��¶���·�¶ ¦y§ �_¢ ¸º¹ g �_����µ�¶��h·
¶ ¦8§ �h��¶����_������¶��h·�¶ ¦y§ ��»
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Figure6: EmpiricalandHIP estimatesof thedistributionof a feature³ 9 �#nO� conditionedon
its parentfeaturéG9=<@1��#n8� .
components.Theresultingmodelis somewhatlike a hiddenMarkov modelon a tree.Our
earlyresultsonclassificationproblemsshowedgoodperformance.
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