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Abstract

We develop a probability model over image spaces and
demonstrate its broad utility in mammographic image anal-
ysis. The model employs a pyramid representation to factor
images across scale and a tree-structured set of hidden vari-
ables to capture long-range spatial dependencies. This fac-
toring makes the computation of the density functions local
and tractable. The result is a hierarchical mixture of condi-
tional probabilities, similar to a hidden Markov model on a
tree. The model parameters are found with maximum likeli-
hood estimation using the EM algorithm. The utility of the
model is demonstrated for three applications; 1) detection
of mammographic masses in computer-aided diagnosis 2)
qualitative assessment of model structure through mammo-
graphic synthesis and 3) lossless compression of mammo-
graphic regions of interest.

1. Introduction

In mammographiccomputer-assisteddiagnosis(CAD) one
typically estimates

��������� 	�

, the conditionalprobability of

class
�

(e.g. benignvs. malignant)given image
	

or a
setof featuresextractedfrom

	
. Previousefforts have con-

centratedon the developmentof suchdiscriminant models
for CAD [1][2][3][4][?]. By contrast,a generative model,������	
� ��


, hasmany attractivefeatures.Classificationis pos-
sible by training a distribution for eachclassand using
Bayes’ rule to obtain
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���������
���������	�

.

Howevertherearemany otherbenefitsof having amodelof
thedistributionof images,sinceany typeof imageanalysis
canbe approachedusingknowledgeof the distribution of
the data. For example,anomalousimagescanbe detected
andrejected,ratherthantrustingthe classifier’s output. A
generativemodelcanalsobeusedto compress,interpolate,
suppressnoise,increaseor extendresolution,andfusemul-
tiple images.

In thecomputervision andpatternrecognitioncommu-
nity there has been limited work directedat developing

probabilitiesfor images. Oneof the few examplesof im-
agedistribution modelsis thatconstructedby Zhu,Wu and
Mumford[5]. In theirapproachthey computethemaximum
entropy distribution given a setof statisticsacrossa num-
ber of features.Thoughthis approachworks well for tex-
tures,it is not clearhow well it will modeltheappearance
of morestructuredobjects.Severalalgorithmshaveinvesti-
gatedmodelingthedistributionsof featuresextractedfrom
the image,insteadof the imageitself. The Markov Ran-
domField (MRF) modelsareonesuchexample;see,e.g.,
References[6, 7]. However, thesemodelstendto becom-
putationallyexpensive.

Recently, De BonetandViola’s proposeda flexible his-
togramapproach[8, 9], wherefeaturesareextractedatmul-
tiple imagescales,with theresultingfeaturevectorstreated
asa setof independentsamplesdrawn from a distribution.
The distribution of featurevectorsis then modeledusing
Parzenwindows. Though they report good results,their
model treatsthe featurevectorsfrom neighboringpixels
asindependentsampleswhenin fact they shareexactly the
samecomponentsfrom lower-resolutions.Onesolutionto
this is to build a model in which the featuresat onepixel
of onepyramid level conditionthe featuresat eachof sev-
eralchild pixelsat thenext higher-resolutionpyramidlevel.
The multiscalestochasticprocess(MSP) methodsdo ex-
actlythat.LuettgenandWillsky[10], for example,applieda
scale-spaceauto-regression(AR) modelto texturediscrim-
ination. They usea quadtreeor quadtree-like organization
of the pixels in an imagepyramid,andmodelthe features
in the pyramid asa stochasticprocessfrom coarse-to-fine
levelsalongthe tree. The variablesin the processarehid-
den,andtheobservationsaresumsof thesehiddenvariables
plusnoise.HowevertheassumedGaussiandistributionsare
alimitationof MSPmodelsaswell asthefactthatthemodel
is of the probability of the observationson the tree,not of
theimage.

All of thesemethodsappearwell-suited for modeling
texture, but it is unclearhow one might build modelsto
capturethe appearanceof more structuredobjects. For
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example,in mammography, benignandmalignantmasses
tend to be characterizedby a combinationof texture and
shapefeatures[11] andmay also includecontextual influ-
ences.Thereforelocal conditioning,like thatof theflexible
histogramandMSPapproaches,is inadequate.

Recently, severalgroupshavedevelopedwhatareessen-
tially extensionsof theMSPmodelsby addinghiddenvari-
ables.Thesecanbeseenasimproving themodel’sability to
capturenon-localdependenciesin theimage.For example,
Crouseet al developedtheir HiddenMarkov Tree(HMT)
models[12] for signalsandimages.A primarymotivation
of thesemodelsis to capturethe tendency for wavelet co-
efficientsto groupinto two classes,onewith largeandthe
otherwith small coefficentmagnitudes.Thustheir hidden
stateshave one of two valuescorrespondingto large and
smallwaveletcoefficients. This is well suitedto themany
signalandimagetypesthathavehomogeneousregionswith
boundaries.Thesemodelshave beensuccessfullyapplied
to several problems,especiallyimagedenoisingand tex-
ture segmentation. Chengand Bouman[13] appliedan-
othermodelof this sort for segmentation,in which theob-
servedclasslabelsplay therole of hiddenvariables,andso
of courseareno longerhidden.

We have independentlydevelopeda classof modelsfor
probability distributions of imagesthat we call hierarchi-
cal imageprobability (HIP) models.Thesealsohave tree-
structuredgraphof thedependenciesbetweenhiddenvari-
ablesat differentscales,and usemixturesof multivariate
Gaussiansto model the local distributions of vectorsof
features. In the following we presentthe basicHIP mod-
els,alongwith EM algorithmfor training the models.We
show preliminaryresultsof the applicationof HIP models
to mammographicimageanalysis,includinglesionclassifi-
cation,mammographicsynthesisandcompressionof mam-
mographicROIs.

2 Coarse-To-Fine Factoring Of Im-
age Distributions

Our goal will be to write the imagedistribution in a form
similar to

������	�
���������� �!�"�$#%
��������$#&�'�)(�
�*+*�*
, where

� ,
is the setof featureimagesat pyramid level - . We expect
that the short-rangedependenciescan be capturedby the
model’sdistributionof individual featurevectors,while the
long-rangedependenciescanbecapturedat low resolution.
The large-scalestructuresaffect finer scalesby the condi-
tioning.

We first prove thata coarse-to-finefactoringlike this is
correct.Fromanimage

	
webuild aGaussianpyramid(re-

peatedlyblur-and-subsample,with a Gaussianfilter). Call
the - -th level

	%,
, e.g., the original imageis

	%�
(Figure 1).

FromeachGaussianlevel
	%,

we extracta setof featureim-
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Figure1: Pyramidsandfeaturenotation.

ages
� ,

. Sub-sampletheseto get featureimages. , . Note
that the imagesin . , have the samedimensionsas

	/,102#
.

We denoteby 3. , thesetof imagescontaining
	%,402#

andthe
imagesin . , . Wefurtherdenotethemappingfrom

	/,
to 3. ,

by 35 , .
Supposethat 35 �768	/�:9; 3. � is invertible. Then we

can think of 35 � as a changeof variables. If we have
a distribution on a space,its expressionsin two differ-
ent coordinatesystemsare relatedby multiplying by the
Jacobian. In this casewe get

������	/�<
=� � 35 ���"����� 3. ��
%*
Since 3. �>� � . �@?A	�#�
 , we can factor

����� 3. ��
 to get������	 � 
B�C� 35 � �"����� . � �"	 # 
�������	 # 
/* If 35 , is invertiblefor all-BDFE�G ?+*�*+*%?�HJILKNM thenwe cansimply repeatthis change
of variableandfactoringprocedureto get������	�
��PORQTS #U,4VT� � 35 ,A�'����� . ,W�'	/,40X#+
ZY ������	 Q 
 (1)

This is a very generalresult, valid for all
������	@


, with
someratherweakrestrictionsto make the changeof vari-
ablesvalid. The restrictionthat 35 , be invertible is strong,
but many suchfeaturesetsare known to exist, e.g.,most
wavelettransformson images.

3 The Need For Hidden Variables

For thesake of tractabilitywe want to factor
����� . , �"	 ,402# 


overpositions,for example������	@
!� U , U[]\]^Z_a`@b ���dc�eW,"��f

g�"h�,402#]�if

Aj
where

ek,'�if


and

h�,40X#N��f


arethefeaturevectorsat positionf

. Thedependenceof
ek,

on
h�,402#

expressesthepersistence
of imagestructuresacrossscale,e.g.,anedgeis usuallyde-
tectableassuchin severalneighboringpyramidlevels.The
flexible histogramandMSPmethodssharethis structure.

While it maybeplausiblethat
h�,402#]�if�


hasastronginflu-
enceon

eW,'��f


, a modeldistribution with this factorization
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andconditioningcannotcapturesomepropertiesof realim-
ages.Objectsin theworld causecorrelationsandnon-local
dependenciesin images.For example,thepresenceof apar-
ticularobjectmightcauseacertainkindof texturetobevisi-
bleat level - . Usuallylocal features

h ,402#
by themselveswill

not containenoughinformation to infer the object’s pres-
ence,but the entire image

	 ,402#
at that layer might. ThuseW,'��f



is influencedby moreof
	/,402#

thanthe local feature
vector.

Similarly, objectscreatelong-rangedependencies.For
example,an objectclassmight result in a specifickind of
texture acrossa large areaof the image(e.g. malignant
breastmassestendto have inhomogenousregion enhance-
ment).If anobjectof thisclassis alwayspresent,thedistri-
butionmayfactor, but if suchobjectsarenotalwayspresent
andcannotbe inferredfrom lower-resolutioninformation,
thepresenceof thetextureat onelocationaffectstheprob-
ability of its presenceelsewhere.

To capturetheselong-rangedependencieswe introduce
hiddenvariablesto representthenon-localinformationthat
is notcapturedby local features.Thesehiddenvariblesalso
constrainthe variability of featuresat the next finer scale.
Denotingthehiddenvariablescollectively by l , weassume
thatconditioningon l allows thedistributionsover feature
vectorsto factor. In general,the distribution over images
becomes������	�
�m:n�oqp QU,4VT� U[N\]^Z_a`�b ��� c e , �if�
�rr h ,40X# ��f

/? l js ����� l �'	 Q 02#%
<tu������	 Q 02#%
%* (2)

This is a very generalform for l and we insteadwould
like to bemorespecific.In particularwe would like to pre-
serve the conditioningof higher-resolutioninformationon
coarser-resolutioninformation,andtheability to factorover
positions.This leadto the following structurefor our HIP
model:1������	�
�m noTv%waxaxax w ogy QU,4Vg� U[]\]^z_a`�b�{ ������e , �'h ,40X# ?A| , ?Af

s ������|@,}�'|@,40X#<?Af

z~ (3)

To eachposition
f

ateachlevel - weattachahiddendiscrete
index or label

|@,'��f


. Theresultinglabel image l , for level- hasthesamedimensionsastheimagesin 3. , .

1In principle thereis alsoa factorof �k�A���A�]���"� . In many cases�A�]���
will bea singlepixel that is approximatelythemeanbrightnessin theim-
age.Weignorethis,which is equivalentto assumingthat �
�"���"�]�T�"� is flat
oversomerange.In thiscase� �d��� is zerofor typical features.In addition,
thereis no hiddenvariable ���d��� . If we combinetheseconsiderationswe
seethatthe �@��� factorshouldbereadas �����
�A�1�d���i���T���]�+�k�A���������]� .

Al

Al+1

Al+2

Figure2: Quadtreestructureof theconditionaldependency
betweenhiddenvariablesin theHIP model.

Since
| , �if�


codesnon-local information we can think
of the labels l , asa learnedsegmentationat the - -th pyra-
mid level. By conditioning

|@,'��f


on
|d,102#<��f



, wemeanthat|@,'�if


is conditionedon

|@,40X#
at theparent pixel of

f
. This

parent-childrelationshipfollowsfrom thesub-samplingop-
eration. For example,if we sub-sampleby two in eachdi-
rectionto get . , from

� ,
, we conditionthe variable

|@,
at�if2?"�}


in level - on
|@,402#

at location
���RfT�N���@?@�i�}�]���<


in level-�� K (Figure2). Thisgivesatreestructureto thedependency
graphof the hiddenvariables,i.e. a belief network. By
conditioningchild labelson theirparentsinformationprop-
agatesthoughthe layersto otherareasof the imagewhile
accumulatinginformationalongtheway.

For simplicity wehavechosen
������eW,}�"h�,102#<?�|@,�


to benor-
malwith ameanthatdependslinearlyon

h�,40X#
,������e��'hd?A|�
��J�7��eX?�����h �¡ e��@?A¢ ��
 (4)

4 EM Algorithm

Dueto the treestructure,thebelief network for thehidden
variablesis relatively straightforward to train with an EM
algorithm. The expectationstep(summingover

|@,
’s) can

beperformeddirectly.2 Theexpectationis weightedby the
probability of a label or a parent-childpair of labelsgiven
theimage.This canbecomputedin a fine-to-coarse-to-fine
procedure,i.e. working from leaves to the root and then
backout to theleaves.Themethodis basedon belief prop-
agation[14].

Oncetheexpectationsarecomputed,thenormaldistribu-
tion makesthe M-steptractable;onesimply computesthe
updated  e
� _ , £ � _ , ��� _ , and

������|@,}�'|@,402#+

ascombinations

of variousexpectationvalues.
In order to apply the EM algorithm, a parameteriza-

tion for the model is required. The parameterizationof������e��'hd?A|�

is givenabove in Equation4. For

������|@,W�'|@,40X#%

2Note that a more densely-connectedstructure,with eachchild hav-

ing several parents,we have requiredeitheranapproximatealgorithmor
MonteCarlotechniques.
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weusetheparameterization������| , �'| ,402# 
�� ¤ � _ w � _a`@b¥ � _ ¤ � _ w � _a`�b (5)

in orderto ensurepropernormalization.
Below, we denotethe new parametervaluescomputed

duringthe ¦ -th maximizationstepas §N¨ 02# andtheold values
as § ¨ .
4.1 Maximization

Maximizing theexpectationof the likelihoodover thehid-
denvariableswith respectto themodelparametersgivesthe
following updateformulae:¤ ¨ 0X#� _ w � _a`�b � n [ ������|@,'?A|@,402#<?"f�� 	k? § ¨ 
%? (6)

� ¨ 02#� _ �ª©@«¬ek,ih�­,102#�® ¨ w � _ I°¯�eW,�± ¨ w � _ «�h�­,40X#�® ¨ w � _�²s ©@« h�,40X#/h ­,402#<® ¨ w � _ IF¯�h�,402#�± ¨ w � _ « h ­,402#<® ¨ w � _ ² S # ?
(7) e ¨ 0X#� _ �7¯�e , ± ¨ w � _ I³� ¨ 02#� _ ¯�h ,402# ± ¨ w � _ ? (8)

and¢ ¨ 02#� _ �µ´ c e , I¶� ¨ 02#� _ h ,402# j$c e , I¶� ¨ 0X#� _ h ,402# j ­�· ¨ w � _I  e ¨ 02#� _  e ¨ 02# ­� _ *
(9)

Herethebrackets
¯'*a± ¨ w � _ denotetheexpectationvalue¯�¸¹± ¨ w � _ � ¥ [ ������| , ?"fu�'	k? § ¨ 
Z¸º�if

¥ [ ������|@,Z?"f8�"	W? § ¨ 
 *

(10)

4.2 Expectation

In theE-stepwe needto computetheprobabilitiesof pairs
of labelsfrom neighboringlayers

������|@,Z?A|@,40X#<?AfW,}�'	k? § ¨ 
 for
givenimagedata.Notethatin all occurrencesof thereesti-
mationequations,i.e. (5,6)and(10), we requirethatquan-
tity only upto anoverallfactor. Wecanchoosethatfactorto
be
������	�� § ¨ 
 andcancompute

������|@,'?�|d,102#�?AfW,'?�	
� § ¨ 
 instead
using������|@,'?A|@,40X#�?"fu�'	k? § ¨ 
�������	�� § ¨ 
��»������|@,Z?�|d,102#<?Af¼?�	�� § ¨ 
� nog½ � _i¾�[�¿ w � _a`@bA¾�[�¿ ������	k? l � § ¨ 
 (11)

Thecomputationof thesequantitiescanbecastasrecursion
formulae,definedin termsof quantitiesÀ and Á , which ap-
proximatelyrepresentupwardsanddownwardspropagating

probabilities.TherecursionformulaeareÀ ,'��|@,'?Af

��Â������ek,W�'h�,402#<?A|@,Z?"f�
s U[�ÃR\dÄ<Å�¾�[�¿ 3À , S #N��|@,'?"f
ÆR
 (12)

3À , ��| ,402# ?"f�
��:n � _ ������| , �"| ,402# 
 À , ��| , ?"f�
 (13)

Á ,'��|@,'?"f�
�� n� _a`@b ������|d,��'|@,402#+
 3Á ,"��|@,402#N?"f�
 (14)

3Á ,"��|d,102#<?Af

�� À ,102#<��|d,102#<?�ÇWÈ]É¬��f

"
3À , ��| ,402# ?"f

s Á ,40X#<��|@,40X#<?�ÇWÈNÉ/�if�
"
 (15)

Theupwardrecursionrelations(12–13)areinitializedat- � G with À � ��| � ?"f�
$�Ê������eu�"h # ?�| � ?"f�

andendat - �=H

.
At level

H
Equation13 reducesto 3À Q ��| Q 02# ?"f

B� 3À Q ��f

 .3Sincewe do not model any further dependenciesbeyond

layer
H

, the pixels at layer
H

are assumedindependent.
Consideringthedefinitionof À , it is evidentthattheproduct
of all 3À Q �if�
 coincideswith thetotal imageprobability,������	�� § ¨ 
�� U[]\]^ y 3À Q �if

Ë� À Q 02#�* (16)

Thedownwardrecursion(14- 15)canbeexecuted,start-
ing with equation(15) at - �>H

with Á Q 02#<��| Q 02#�?Af

¶�Á Q 02#<��f

��ÌK
.3 The downwardsrecursionendsat - � G

with equation(14).
We cannow compute(11)as������|@,Z?�|d,102#<?Af¼?�	�� § ¨ 
!� À ,'��|@,'?"f�
 3Á ,"��|@,40X#<?Af

s ������| , � | ,402# 
 (17)������| , ?"f2?A	Í� § ¨ 
�� À , ��| , ?"f

 Á , ��| , ?"f�
 (18)

Computations(12–18)in the E-stepat iteration ¦ aredone
with fixedparameters§ ¨ .
5 Experimental Results

In thissectionwereportsomeof ourpreliminaryresultsfor
applyingtheHIP modelto mammographicimageanalysis.

5.1 Mass Detection

To demonstrateutility, we use HIP as a post-processor
(i.e. adjunct)to the University of Chicago’s (UofC) CAD
system[15]. Falsepositive andtrue positive regionsof in-
terest(ROIs) wereoutputfrom theUofC CAD systemand

3The (non-existent) label � �d��� can be thoughtof as a label with a
singlepossiblevalue,which is alwaysset.Theconditional�
�"�����¼�i���d���A�
turnstheninto aprior �
�"�����k�
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Figure 3: ROC curve for resultsof HIP modelsusedas
a post-processorfor massdetectionin the University of
Chicago’smammographicCAD system.

usedfor trainingandtesting.Thegoalwasto determineif
theHIP modelcouldbeusedto reducefalsepositiveswith-
outsignificantlossin sensitivity.

Two HIP modelsweretrained;oneusing36 randomly-
chosenROIsthatcontainedmasses,andasecondtrainedon
48 randomly-chosenROIs without masses.The likelihood
ratio underthe two modelswasusedas the testcriterion,
i.e., a thresholdon this ratio is usedto decidewhich ROIs
will bedetectedasmasses.Thetrueandfalsepositiverates
asafunctionof thethresholdweremeasuredonanovel test
setconsistingof 36 massand49 non-massROIs.

A searchwasperformedover the numberof hiddenla-
belsvaluesateachlevel. Thesearchcriterionusedtheneg-
ative log-likelihoodon thetrainingdataplustheminimum-
description-lengthpenaltyterm, Á�Î1ÏdÐ ��ÑÂ
A�]� , whereÁ is the
numberof modelparametersand

Ñ
is the the numberof

trainingexamples[16]. Themaximumnumberof labelsin
a level wasboundedat17.

The bestperfromingmodel had an architectureof 17,
17,11,2, and1 hiddenlabelin levels0–4,respectively. The
receiveroperatincharacteristic(ROC)curve[17] for thetest
imagesis shown in Figure3. For this architecturethearea
underthecurve( l$Ò ) was0.75.For thisarchitectureandset
of parametertheHIP modelis ableto eliminate

K<Ó]Ô
of the

falsepositivesgeneratedby theUofC CAD system,without
lossin sensitivity.

5.2 Novelty Detection

Novelty detectionidentifiesexamplesthataresignificantly
different from the exampleson which the model(s)was

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
0.7

0.75

0.8

0.85

0.9

0.95

1

A
z

Fraction rejected

Effect of rejecting low−probability examples on performance

Figure4: Using the HIP model for novelty detectionand
generatingconfidencemeasures.Thresholdingtheabsolute
valueof thelikelihood(abscissa)enablesrejectionof afrac-
tion of the datathat is novel, relative to the dataon which
the modelswere trained. This actsas a confidencemea-
sure,which canimprovetheperformanceof themodel(Az
valuesonordinateaxis).

trained [18]. Detectingnovel examplescan be useful in
a CAD systemfor generatingconfidencemeasureson the
CAD outputandidentifying datathat couldbe usedin fu-
ture training of the model. The HIP model’s generative
structureenablesnovel examplesto beidentifiedby thresh-
olding the log-likelihood of the models. Figure 4 illus-
trateshow ROC performanceimprovesif novelty detection
is usedto generatea confidencemeasurefor rejectinglow-
confidenceexamples. In this example, two HIP models
were trained,one for positive ROIs andone for negatives
ROIs (sameROI databaseas for classification).Testdata
wasevaluatedby computingthelikelihoodratioof themod-
elsaswell astheabsolutevalueof thelog-likelihoods.The
absolutevalueof the log-likelihoodsare thresholdedsuch
that low valuesare consideredlow confidenceand there-
fore rejected(not classified).As the thresholdon the log-
likelihoodis increased,moreROIs arerejectedbecauseof
low confidenceandtheareaundertheROCcurveincreases.

5.3 Mammographic Synthesis

SincetheHIP modelis a generativemodel,we cansample
themodelandsynthesizenew images.In thecontext of ROI
classification,synthesizedimagescan provide qualitative
insightinto whatfeaturesthemodelis extractingandrepre-
sentingfor bothpositiveandnegativeROIs. Usingthesame
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Figure5: MammographicROI imagessynthesizedfrom positiveandnegativeHIP models.Synthesizedpositive ROIs (left)
tendto havemorefocalstructure,with moredefinedbordersandhigherspatialfrequency content.NegativeROIs(right) tend
to bemoreamorphouswith lowerspatialfrequency content.
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Figure6: (Left)Rootmean-squarederrorvs. sizeof compressedfile, JPEGandHIP. (Right) Maximumerror(
HËÕ

norm)vs.
sizeof compressedfile, JPEGandHIP.

ROI databaseusedfor classification,we constructedHIP
modelsfor positives (masses)and negatives (no masses).
The trainedHIP modelswere sampledto synthesizenew
ROI images.Thesamplingprocedurebeginsat thecoarsest
resolution,wherethe hiddenlabelsarerandomlysampled
from the distribution

����� l Q 
 . The featureimages. Q are
thensampledfrom

����� . Q � l Q 
 . The . Q areusedto con-
struct

	 Q�S # , from which the
� Q areconstructed.We then

samplel Q�S # from
����� l QTS # � l Q 
 , and then . Q�S # from����� . Q�S # �"� Q ? l Q�S # 
 . This is repeateduntil thefinestres-

olution is reachedand
	 �

is constructed.

Figure 5 shows examplesof theseimages. Inspection
of the synthesizedpositive ROIs shows more focal struc-
ture,with morewell-definedbordersandhigherspatialfre-
quency contentthanthenegativeROIs.

5.4 Mammographic Image Compression

A streamof randomvariablescanbeoptimally compressed
if weknow theirdistribution,andsohaving aHIP modelof
a sourceof imagesshouldallow us to compressexamples
of thoseimageswith high efficiency. Herewe demonstrate
compressionwith HIP modelsusinga simpletechnique.

Given an image and a HIP model, we compute
the most likely value of each hidden label,

|�Ö, �if�
P�× � Ð&Ø ×<Ù � _ ¾1[�¿ ������|d,Z?Af¼?�	�� § ¨ 
 usingEquation18, andcode
eachfeaturevector

e , ��f


using

������e , �'h ,402# ?A|}Ö, ?Af

 . Thelat-
ter is usedby decomposing

e , ��f


into its componentsalong

the eigenvectorsof the covarianceof
������e , �"h ,102# ?�|�Ö, ?"f�
 ,£ �+Ú_ , andcodingthosecomponentswith a specifiedpreci-

sionusingHuffmanencodersfor theGaussiandistributions
with variancesgiven by the eigenvaluesof £ � Ú_ . The re-
sultingbitstreamwasstoredin a file thatwassusbequently
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Figure7: Compressionartifactsof JPEGandHIP. Left: Original image,center:JPEG,right: HIP.

compressedwith gzipto reducetheredundancy in themany
shortidenticalbit patterns.Thisprocedureis currentlyvery
computationallyexpensive, and is not necessarilyoptimal
even if the HIP modelexactly matchesthe imagedistribu-
tion, but it is straightforwardto codeandservesto demon-
stratethecapability.

Figure6 showstheroot-mean-squaredandmaximumer-
rorsversusthesizeof thereultingcompressedfile, respec-
tively. This is for onerandomly-chosenmassROI image,
which was not part of the training set of the HIP model.
The HIP algorithmgivesmeanerrorsthat arecomparable
to JPEG,andsuggeststhat its maximumerrorsarea little
lower. It is perhapsnotsurprising,sincetheHIP modelwas
fit tosimilardatawhile JPEGis intendedtobegeneral,but it
demonstratesthepotential.Compressedanduncompressed
imagesareshown in Figure7.

6 Conclusion

We have developeda classof imageprobabilitymodelswe
call hierarchicalimageprobability or HIP models.To jus-
tify these,we showed that imagedistributionscanbe ex-
actly representedas productsover pyramid levels of dis-
tributions of sub-sampledfeature imagesconditionedon
coarser-scaleimage information. We arguedthat hidden
variablesare neededto capturelong-rangedependencies
while allowing us to further factor the distributions over
position. In our currentmodel the hiddenvariablesact as
indicesof mixturecomponents.Theresultingmodelis very
similarto theHiddenMarkov Treemodels,but allowsmod-
elling somewhat more generalimagestructures.Because
they are modelsof probability distributions over images,
they can be usedfor a wide rangeof image processing
taskse.g. classification,compression,noise-suppression,
up-sampling,errorcorrection,etc. Herewe have presented
resultsfor mammographicimageanalysis.However there
areobviously othermodalitiesandmedicalapplicationar-
easwere HIP modelswould be useful. One in particular
is multi-modalfusion, wherethe problemis to bring a set
of images,acquiredusingdifferentimagingmodalities,into
alignment.Onemethodthathasdemonstratedparticularly
goodperformanceusesmutualinformationasanobjective

criterion [19]. The computationof mutual informationre-
quiresan estimateof entropies,which in turn requiresan
estimateof theunderlyingdensitiesof theimages.TheHIP
modelpotentiallyprovidesa framework for learningthose
densities.
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