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Abstract
We review our work on howto teach deformablemod-

els to maximizeimage segmentationcorrectnessbasedon
user-specifiedcriteria. We thenpresentnew variantsand
applicationsof learnedsnakes,modeledby four different
probability densityfunctions(PDFs),at threescales,and
in thetwoverydifferentmedicaldomainsof abdominalCT
slicesandechocardiograms.

We review andextendour methodfor evaluatingwhich
criteria work best.Successdependson therelationof ob-
jective function (the PDF) output to shapecorrectness.
This relationship, for all the above learned snake vari-
antsanddomains,is evaluatedon perturbedgroundtruth
shapesin threeways:by theincidenceof “false positives”
(scoringbetterthan groundtruth) of randomizedshapes;
by themonotonicityof theobjectivefunctionversusshape
closenessto groundtruth, asgivenby a correlationcoeffi-
cient; andby thedistanceof this relationshipto thenear-
estmonotonicallyincreasingfunction,a new performance
measurewhich weintroducehere.

Weexhaustivelydemonstratesuch evaluationson tradi-
tional snakes,andonsnakesfor which imageintensityand
perpendiculargradient are learnedseparately, and with
their covariances,andwith separate learningover equal-
length”sectors”. Optimalblur appears to dependon do-
main. Bothsectoringandtheuseof covariancemarkedly
improveresultsin abdominalCTimages,wherenearbyim-
age landmarks(i.e. organs)stabilizelearning. Resultson
echocardiograms,however, are lessstriking, althoughthe
useof covariancedoesshowimprovements;on investiga-
tion this appears dueto the non-Gaussiandistribution of
image featuresin thisdomain.

1 Introduction
This work specifiesandevaluatesnew waysof training

a machineto find outlinesof a known kind of object in
imagesfrom a domainof consistentappearance.It uses

deformablemodels(oftencalled“snakes”), but this train-
ing extendstheapplicabilityof themethodby adaptingit
whereit would beunableto work otherwise.We develop
novel methodsto assesshow well amodel,trainedor fixed
a priori, canperformin a given domain. We assessfour
differentmodelsat threedifferentresolutionsin two dif-
ferent imagedomains,andfind that training can provide
a marked improvement,undercertainconditionsthat our
measurementtechniquesmakeprecise.

Therearedomainsin whichtraditionalsnakes,attracted
to strongestor closestimageedges,fail. This is truein CT
imagesof lower abdominalorgans,which arepressedup
againstsimilar organsandbrighter, stronger-edgedbone,
and also in echocardiograms,which contain inner and
outerheartwalls,andlargeblobsof noise.This is not just
a problemof avoiding suboptimallocal minima—insuch
cases,thewrongobjectin factsatisfiestheobjective func-
tion betterthanthe right onedoes.Researchershave for-
mulatedalternative objective functionsto get aroundthe
problem,but without formally testingtheir propertiesin
thedomain,andwithouthaving somebasisto comparethe
alternatives.

Contrary to intuition, the distribution of an objective
function’s valuesfor correctcontoursgives no informa-
tion aboutits goodnessfor segmentation,since,if incor-
rect contourshave the samedistribution of values, the
functioncannotguidea contourto the correctshape.We
thereforeexamineanenergy function’sbehavior for incor-
rect shapes,by generatingsuchshapesfrom ground-truth
shapesin asampleof domainimages.Additionally, we in-
vestigatemakinga deformablemodelresponddifferently
to local imagequalitiesatdifferentplaceson its boundary.

2 Background
2.1 Deformable models

A deformablemodelis a descriptionof a shapewhose
parametersare iteratively adjusteduntil it best matches



Figure1: In bladdersof differentpatients,partsof their bound-
ary vary greatlybetweenimages,like thetop nearintestines,but
otherpartsareverypredictable,like thesidesnearpelvis.

what is depictedin an image. “Best” is measuredby an
arbitraryreal-valuedobjectivefunction,or “energy.” In the
caseof a 1D contourin a 2D image,themodelis calleda
snake,asin thework thatfirst introducedthemethod[11].

A deformablemodel finds an object in an image by
maximizing an objective function of image and shape:����� ���	��
���
��������������

, where the � ��� image�! �"�#%$
and shape

�
is a vector of shapeparameters�'&)(�*+*+*�&-,.�

. The inputsto
��/0" #%$ � " ,213 "

arein the-
ory, the valueof every pixel and every shapeparameter.
Theoutputof

�
reflectsthelikelihoodthat

�
depictsapar-

ticular object in image
�
. Often,

�
is a combinationof

a shapeenergy which penalizesundesiredshapes,andan
imageenergy which respondsto thestrengthandnearness
of imageedgesor gradients.

To implementa deformablemodel, one must choose
threeelements.The first is a shapemodel,which canbe
a discreteset of “snaxels”, or one of several continuous
representationsof curvesor surfaces.Thesecondis anob-
jective function,

�
; a large variety of shapeenergiesand

imageenergieshave beenused.The third is anoptimiza-
tion technique;theusualmethodis somevarietyof gradi-
entdescent,whichrequiresthatthefunctionbemonotonic
in the region searched.However, othersarepossible,as
reviewedin [14].

Oneframework in which thesethreeelementsareoften
justified is the probabilisticformulation,which motivates
the useof observed distributions, that is, learning. Here,
theobjective functionapproximatesthea posterioriprob-
ability 4 �'�657�+� that thecorrectshapeis

�
, giventhat the

imageis
�
. This Bayesianformulation is: 4 �8�95:�+�2�

4 �'��� 4 ���;5��<�0= 4 �>�+� We seekthe shape
���

mostprobably
depictedby image

�
by maximizing 4 �8�?5@�+� over

�
. Not-

ing that 4 �>�+� is constant,and 4 ���A5B��� 4 �8�<�;� 4 �>�DC2��� ,
wemaximizethesimplejoint probability 4 �>��CE��� , which
is a probabilitydistribution in thesinglespace,

"�#%$GF ,
.

2.2 Prior work: learning for segmentation
Thedistributionsof the imagequalitiesmustberecov-

eredfrom observationsin imageswith ground-truthcon-
tours. For deformablemodels,work has beendoneon
learningspecializedshapeandfeaturemodels,but hasnot

beengeneralized. Among learnedprior shapemodels,
therehave beena multidimensionalGaussiandistribution
of vertex positions[7]; Markov RandomFieldsof vertex
displacementswith respectto neighbors[12, 13]; a Gaus-
siandistribution of variationsin “vibration modes”[16];
anda Gaussiandistribution in a Fourier harmonicrepre-
sentation[18]. Amonglearnedimagefeatures,therehave
been HJI -dimensionalGaussiansof intensitiesalong line
segmentsof I pixels perpendicularto a shapeboundary
at H featurepoints [7]; Gaussiandistributions of multi-
scaleintensityandgradientat a few pointsaroundmany
organssimultaneously[2]; 3D modelsof shapeincorporat-
ing the observed likelihoodof nearbyedgesbeingspuri-
ous[3]; histogramof pixel valuesfrom ground-truthshape
boundaries[9]; anddiscriminantanalysison groundtruth
to chooseamongfeatures[5].

However, in medical imagessomestructuresare nei-
ther sharp-edgednor reliably different in color from sur-
roundingstructures.Thus,despitethe research,someor-
gancontoursmuststill beoutlinedmanually. This is time-
consuming,oftenrushed,andofteninaccurate.
2.3 Prior work: measures of performance

Typicalmeasuresof successarebasedonratiosof pixels
identifiedcorrectlyas“in” or “out” [15]. Boundary-based
measuresmaybemoreefficient, though;for example,[6]
introducesa shapedifferencemeasure.Performanceanal-
ysis of edgeand relatedlow-level featuredetectorscan
be doneanalytically, or empirically using stochasticim-
agenoise[17], or againstgeometricconstraints[1]. How-
ever, work on deformablemodeltestingis sparse.In [8],
a theoreticalanalysisshowsthey convergein somelimited
situations.But generally, whendeformablemodelsareval-
idatedexperimentally, eachimageis tried with only one
initial contour.

This work usesstochasticsamplingof analyticaldis-
tributionsto measureperformance,but randomnessis ap-
plied to a differentpartof thesystem:solutionshapesare
randomlyperturbedto determinethebehavior of a candi-
dateobjectivefunctionin realimages.We measurenot the
resultof the optimization,but ratherthe presenceof nec-
essaryqualities(local monotonicityandoptimality) of the
objectivefunction.

3 Formal frameworks
3.1 Framework for training

Our inputs are a set of imagesfor eachof which the
correctshapeis known. Thus,thetrainingdataconsistsof
groundtruth pairs K �>�L(�����(M�M�+*L*+*+�-�>�M,N�O�B,.�OP . We mustse-
lect a function that is extremalfor shapeswhoserelation
to the imagedataresemblesthosein this set. This means
thatafeaturesetQ ��������� , atractableprojectionof

"�#%$DF ,
,

mustbemappedto somemeasureof populatednessin the
vicinity, R � Q ���������S� . To do this, the finite setof training



Figure2: 1,000perturbedversionsof aheartwall contour.

pointsin featurespacemustbeextendedto yield probabil-
ity densityvalueseverywherein thatspace;sincethis task
is underconstrained,somekind of structureor regulariza-
tion mustbe imposed[19]. This done,the “best” shape
in animageis

���;�T���	�U
V��
 � R � Q ���������S� . Assumingthat
thetrainingdataweredrawn independently, we thusmust
find thefunction R thatmaximizesW ,X Y ( R � Q ��� X �O� X �S� . For
Gaussiandistributions, the meanand variances(and co-
variances,for a nondiagonalmodel) maximizethis like-
lihood.
3.2 Framework for performance measurement

Performanceis characterizedby how theobjectivefunc-
tion reactsto near-correctshapesin actual,complex im-
agedata. An objective functionmustsatisfytwo kindsof
optimality: absolutely, the ground-truthshapemustscore
betterthanany othershape,and(for gradient-basedalgo-
rithms) relatively, asa shapeapproachesgroundtruth its
scoremustimprove. Thus,the basisof our testof an ob-
jective functionwill bethegenerationof Z shapesamples
per image(in practice,Z =1,000),eachsampledetermin-
ing thepair

��[E�0�\�
, where

[
is ameasureof how closethe

sampleis to thegroundtruth shape,and
�

is theobjective
functionvaluefor thesample.

Severalwell-known measuresof shapedifferenceexist.
TheHausdorff distance[10] wouldnotbeagoodindicator
here,asit treatsa single,local I -pixel deviation thesame
asdisplacementby I pixels everywhere.The symmetric
differenceof theareasenclosedby two boundaries[15] is
inefficient to calculate.An elegantiterative measureis in
[6]. But we usethechamferdistancebetweentwo bound-
aries[4], theaverageoveroneshapeof distanceto theclos-
estpoint on theother. Althoughthis measureis asymmet-
ric, we foundin our imagerythat it hasa high correlation
(0.977)between

[]�>^7��_M�
and

[]�'_)�	^��
. And althougharbi-

trarily long but narrow protrusionsmay not registerlarge
differences,thesedid notarisein ourdomains.

For eachtestimage,therelationshipof objective func-
tion to known shapecorrectness(distanceto groundtruth)
over theexpectedrangeof shapesamplesis describedex-
actlyby ascatterplot. Weusethreestatisticsto summarize
scatterplot properties.Themoststraightforwardtestof ab-
soluteoptimalityis thenumberof contourshavingenergies
below thatof thegroundtruth, falselyindicatingthat they
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Figure3: Eachperturbedcontouris a point in a scatterplot of
differencefrom correctshapevs.energy. Left: Plot has0% false
positives,high-correlation(0.73),is close(.55)to nearestincreas-
ing function.Right: Plothas8.8%falsepositives,low-correlation
(-0.04),is far (.98)from nearestincreasingfunction.

arebettersolutions. An approximatetest for relative op-
timality (peakedness)usesa plot’s correlationcoefficient
to measuremonotonicity. But a third and ideal indicator
of robustgradientdescentbehavior would be how far the
point set K ��[ X �0� X �a/�bdcfe�c I P is from the closestin-
creasingfunction.Thus,theroot-mean-squareresidualdis-
tance,normalizedby thevarianceof the

� X
, is ameasureof

monotonicitywhichvariesfrom 0, if thedatais strictly in-
creasing(“good”), to 1, if it is strictly decreasing(“bad”).
Randomlyfluctuatingdata,with 1,000samples,hasbeen
foundto yield measureswithin 1%of 1 (very “bad”).

4 Implementations
4.1 Implementing training

Shapesarecurrentlylimited to piecewisecubics;those
we have usedare polylines and gih cubic splines. This
designlimits objective functionsto thosewhich aresums
over thepointsin theshapeandits normals,but it makes�

independentof theshapemodel
�U�kj\�

. Imagequantities
wereobservedatascale

&
, usingaGaussian-blurredimage�+l��m�UnGo hpLq l . Theshape’s relationto theimagewassum-

marizedby imageintensities,
�+l��8���>jN�	�

; andby directional
imagegradientsnormalto theshape,

�<rs�kj\��t�u%�+l��8���>jN�	�
,

where
� r �kj\�

is the unit normalto
�U�kj\�

. Thesefeatures,
measuredalong

�
atone-pixel intervals,canbeconsidered

the outputof Q ��������� . Blurring scalesof
&]�wv

, x and y
pixelsweretried,basedonobservationof imageproperties
andstructures.

Wechoseperhapsthesimplestmodelof thedistribution
of our features—amultidimensionalGaussian. Specifi-
cally, weassumedindependent,identically-distributedval-
uesof intensityanddirectionalgradientat all pointsalong�

. Thus,training recoveredthe parametersof two Gaus-
siandistributions, � �kzB{M�.|}{0� and � �>z<~���|}~�� . The joint
probability of both thesequantitiesat every point around
thecontourwasthemodeledprobabilityof observingthose
featureson a shape

�
in animage

�
, i.e., 4 � Q �>�������S� . This

is aproductof Gaussians;its negativelog, “imageenergy”
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Figure4: EachsectorhasseparatelylearnedaGaussianof image
intensity. Therangebarsaretallestin regions12,1 and2, in the
greatestintensityvariability at thetopof thebladder.

�
, is

�s�
, definedas:� �>� l �8���>jN�	���dzB{	� h| h{ � j\� ��� � r �kj\��t-u%� l �8���>jN�	���dz<~�� h| h~ � j

We alsousedanenergy with onemoreparameter, thecor-
relationbetweenintensityandgradientat a point. This is
a 2D Gaussianratherthanthejoint distribution of two 1D
Gaussians.Thisenergy wasdefinedas

�s� ��v � �>�+l��8���>jN�	���dz { � � � r �kj\��t-u%�+l)�8���>jN�	���dz ~ �|�{0|}~D�M{8~ � j
Minimizing this “energy” is equivalent to maximizing4 � Q �>�������S� . We usestraightforwardgradientdescentmin-
imizationovershapes

�
, sowe musttake thederivativeof�

with respectto theparametersof
�

.
To provide comparisonwith traditionalmethodsasap-

plied in thesamedomain,we alsouseda “traditional” ob-
jectivefunction(notbasedontraining)thatsummedgradi-
entstrengthson theshapeboundary:

�s� ��� � 5�5 u%�+l��8���>jN�	�+5�5 � j
Having notedthat the qualitiesthat the model should

seek may not be uniform everywhereon its boundary,
we alsodevelopeda spatiallyvarying objective function,
whichwecall sectoredsnakes.In this,wefollowed[7], al-
thoughthey traineda smallnumberof preselectedfeature
points. We seekanaccurateboundaryeverywhere,sowe
dividedthecontourinto afixednumberof equal-lengthre-
gions(sectors),eachwith separatetraining(Figure4). (We
chose12 sectors,correspondingto clock positionsabout
the centerof massof the contour; this wasbasedon the
sizesof surroundingstructuresin our imagery.)
4.2 Implementing performance measurement

The novel measureof closenessto nearestincreasing
functionswas programmedfrom basicprinciples,and is
describedhere. Assumefunction

���>�7�
and data � �

K �k� X �S� X ��/�b�c�e?c I P . We definethe “distance” of� from
�

asthe sumof squareddifferencesof residuals,� �>� X �����k� X �	� h . If oneincreasing(continuous)function� p minimizesthis distance,thensodo many others,since
thedistanceonly dependson

�
’svaluesatthe

� X
. Thus,the

problemis reducedtofindinganincreasing(discrete)setof���>� X �
, or

� X
, thatminimizesthesumof residuals;further,

thisminimumdoesnotdependon thevaluesof the
� X

, but
only on theorderingthey imposeon the

� X
. Sinceit is the

residualerrorwhichgivesameasureof how closethedata
setis to anincreasingfunction,analgorithmto find theer-
ror thereforeonly needsas input an orderedsequenceof� X

.
The algorithmfor finding K � X P is basedon the insight

that the closestincreasingsequenceto a decreasingse-
quenceof

� X
is the constantsequenceconsistingof its

mean.An initial sequenceK � pX P , not yet madeincreasing,
is setequalto thedata. In successive iterations K �\�X P , de-
creasingsubsequencesareselectedand then replacedby
equallengthsubsequencesconsistingof thatmany repeti-
tionsof thesubsequencemean.Theseconstantrunscanbe
storedefficiently; thealgorithmcanbeprovedto terminate;
andtheresultingsequence,modifiedin place,is theclos-
est(in termsof theleast-squares,�Uh , norm)nondecreasing
sequenceto theinputsequence.

The shapeperturbationswerea combinationof trans-
lation andof scalingindependentlyaroundtwo randomly
chosenorthogonalaxescenteredonthecontour’scentroid.
The translations,and the logs of the scalefactors,were
normally distributed. Sincethe objectswere inner heart
walls with widths of 40–120pixelsandheightsof 30–90
pixels,andbladders,with widthsof 70–90andheightsof
70–100,we consideredit reasonablethat the translations
weregiven a standarddeviation of 5 pixels, andthat the
logsof thescalefactorsweregivenastandarddeviationof�����7��b�*�b-�

, or 10%stretch/shrinkage.
In eachof our two domains,we testedtwelve differ-

entobjective functions. Therewerefour differentfeature
models—thetraditionaluntrainedsnake; oneusingGaus-
siansmodelingintensityanddirectionalgradient;thesame
with covariance;andthesamewith 12independentlymod-
eledsectors.Eachwastestedat threescales,blurringwith
Gaussiankernelsof

|
=2, 4 and8 pixels.All testsusedthe

same1,000parameterizedperturbations.

5 Experiments
To thebestof our knowledge,this is themostextensive

formal measurementandcomparisonof the effectiveness
of deformablemodelenergy functions.
5.1 Domains

In thedomainof bladdersin abdominalCT scans,our
imageswere from a study at Memorial Sloan-Kettering
CancerCenter. Upon investigation,it appearedthat the



Figure5: Two representative echocardiograms,showing degree
of speckleandinexactnessof ground-truthcontour.

“ground truth” available to us was not drawn very accu-
rately; it is often aboutsix pixels away from the visible
organboundary, in a   b-v �?  b-v image. To get accurate
trainingdata,we drew our own contours,with agreement
from doctorsthat we could do betterthan the onesthey
routinelydrew undertime pressure.We trainedandtested
on36high-qualitybladdercontours.

In the domain of ultrasound images of the heart
(echocardiograms),the quality of the images is much
poorer. Regions are not of homogeneouscolor but are
rathercharacterizedby “speckle”concentratedat structure
boundaries,especiallythoseperpendicularto thesensordi-
rection(Figure5). We trainedandtestedon theratherin-
exact expert-drawn groundtruth boundariesof the inner
heartwall, taken from 24 patients,at end-systoly(maxi-
mum contraction)and on the short-axisviews. The im-
ageswe used,from thecommercialfirm, Echovision,had
beenpreprocessedusing their proprietary(and therefore
unknown) despecklingalgorithm.

5.2 Protocol
Trainingandsegmentationwasdonefor four different

snake formulations:thesectoredsnake; thesimpletrained
model; the modelwith covariance;anda traditional,un-
trainedsnake whoseenergy is gradientstrengthtraversed
by the contour. Eachof thesewastestedat threescales,&?��v

,
&?� x , and

&¡� y , for a total of twelve differ-
entobjective functions.We evaluatedeachof theseenergy
functionswith 1,000perturbationsof thegroundtruthcon-
tour. Weused“jackknife testing”: theperformancein each
ground-truthimagewastestedusingmodelstrainedon all
imagesbut thatone.Weevaluatedeachwith ourthreemea-
sures(falsepositives, correlation,distanceto closestin-
creasingfunction),andcharacterizedeachfunction’s per-
formancein eachdomainbygivingeachstatistic’saverage,
averagedeviation, andconfidenceinterval over the entire
groundtruth testset. Averagedeviation is similar to the
standarddeviation,but is morerobustto outliers.Thecon-
fidenceintervalsare,however, basedonstandarddeviation,
andarethereforeworst-case.

5.3 Bladder Results
Overall, trainingprovideda markedimprovementover

simpleuntrainedattractionto edges.
The simplestform of training using two independent

Gaussians,modelingtheprobabilityof finding a givenin-
tensity

� l �'�U�kj\�S�
atacontourpixel with blur

&
, andof find-

ing a givengradient
� r �kj\�Gt@u%�+l��8���>jN�	�

perpendicularto
thecontour. By way of illustration,Table1 shows thedis-
tribution parameters

zB¢
,
|�¢

and
z ~

,
| ~

of thesefeatures
at thebestscale,

&V�£v
. It alsoshows ¤ ¢ ~ , theadditional

parameterusedby themodelthatlearnsthetwo Gaussians
with covariance.TheGaussianmodelprovideda reason-
ablefit; seeFigure6.

Thevarianceof thegradientis highatcoarsescales;this
would seemto make thegradientan insignificantcontrib-
utor to the objective function. Nevertheless,the function
that modeledthe covarianceof the intensityandthe gra-
dient producedhalf the falsepositivesof its closestcom-
petitor at that scale,meaningthat useful informationwas
in factpresentin thegradient’shighcorrelationwith inten-
sity, ¤ ¢ ~ , despitethegradient’shighvarianceon its own.

Falsepositives(seeTable2) occurredfar lessoftenwith
trainedsnakes than traditional snakes—in fact, the inci-
dencewasnegligible whentheleastblur wasused,for all
threevarietiesof training.By contrast,a traditionalsnake,
attractedto the strongestedges,incorrectlygave 15% of
theperturbedshapesa betterscore;at higherblurs, it did
evenworse.At coarserscales,differencesamongthekinds
of trainingbecameapparent.At scale4, sectoringcut er-
rorsalmostin half, asdid useof covariance.

The correlationof distancefrom groundtruth vs. ob-
jective function is in Table3. Most importantly, all of the
trainedformulationsdemonstrateda muchhighercorrela-
tion than traditional untrainedsnakes. Snakes with sec-
toredtraininghadslightly highercorrelationsthanunsec-
tored trainedsnakes at bigger imagescales. For all ob-
jective functionmodels,coarser(blurrier) imagescaleim-
provedcorrelation,but coarserscalealsodevastatedfalse-
positiverates.

As hoped,a very nearly inverserelationshipwas ob-
served betweenthe correlationcoefficient and our novel
measureof distancefrom monotonicity; thus, in this do-
main,bothareequallygoodindicators.As a comparison,
thevalueof thismeasurefor randomizedscatterplotswere
experimentallycomputedto be uniformly between0.99
and1; objectivefunctionswith significantmonotonicityin
Table4 havemuchlowervalues.

5.4 Heart Results
Resultsweregenerallypoorerbecauseof thequality of

the imagesandcontours;still, many useful relationships
emerged.

Table5 givesanillustrationof parametersrecoveredin
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Figure6: Histogramsof pixel intensity(left) andperpendicular
gradientdistributionfor bladders(blur scale2).

Scale
z ¢ | ¢ z<~ |7~ ¤ ¢ ~

2 1002 23 14 8.9 -0.55
4 1004 26 5.9 7.1 -0.77
8 1010 31 1.6 4.1 -0.86

Table 1: BladderCT: learnedparameters(9,700pixels in 36
contoursof 24 imagesets).

Objective
function

Scale
(pixels)

Falsepositiverate
Avg % Avg dev 95%conf

Untrained
(traditional)

2 15 15 ¥ 5.9
4 23 17 ¥ 6.3
8 32 20 ¥ 7.7

Singleintensity
& gradient
strengthGauss

2 1.1 1.6 ¥ 0.98
4 11 11 ¥ 4.1
8 33 5.8 ¥ 2.7

Gaussians
in 12sectors

2 1.1 1.7 ¥ 1.1
4 6.7 7.4 ¥ 3.3
8 27 6.4 ¥ 3.0

Gaussians
with covariance

2 1.6 2.5 ¥ 1.4
4 6.6 7.9 ¥ 3.0
8 14 12 ¥ 4.4

Table2: Performanceon bladderCT: falsepositives(1,000per-
turbedcontoursfor eachof 36 images,usingjack-knifetesting).

Objective
function

Scale
(pixels)

Correlationcoefficient
Avg Avg dev 95%conf

Untrained
(traditional)

2 0.15 0.34 ¥ 0.12
4 0.21 0.37 ¥ 0.14
8 0.22 0.38 ¥ 0.15

Singleintensity
& gradient
strengthGauss

2 0.55 0.14 ¥ 0.057
4 0.58 0.14 ¥ 0.056
8 0.44 0.089 ¥ 0.040

Gaussians
in 12sectors

2 0.55 0.12 ¥ 0.050
4 0.60 0.14 ¥ 0.055
8 0.51 0.083 ¥ 0.038

Gaussians
with covariance

2 0.54 0.095 ¥ 0.037
4 0.60 0.11 ¥ 0.039
8 0.63 0.12 ¥ 0.045

Table3: PerformanceonbladderCT: correlationcoefficient,be-
tweenchamferdistanceandimageenergy.

Objective
function

Scale
(pixels)

Obj. functionmonotonicity
Avg Avg dev 95%conf

Untrained
(traditional)

2 0.87 0.16 ¥ 0.058
4 0.84 0.20 ¥ 0.075
8 0.85 0.18 ¥ 0.070

Singleintensity
& gradient
strengthGauss

2 0.76 0.13 ¥ 0.051
4 0.73 0.14 ¥ 0.052
8 0.81 0.099 ¥ 0.046

Gaussians
in 12sectors

2 0.76 0.12 ¥ 0.044
4 0.71 0.14 ¥ 0.054
8 0.74 0.10 ¥ 0.052

Gaussians
with covariance

2 0.79 0.079 ¥ 0.032
4 0.73 0.098 ¥ 0.037
8 0.68 0.13 ¥ 0.049

Table4: Performanceon bladderCT: monotonicity(closeness
to nearestincreasingfunction).

the simple two-Gaussiantraining. Variancein both fea-
tureswas large, meaningthat the probability distribution
inducedby thedatawasestimatedwith poorcertainty. Cor-
relationbetweenthe two features,though,wassignificant
anduseful,asfurther testingshowed. Theactualseparate
distributionswhichtheGaussiansattemptto modelarehis-
togrammedin Figure7.

False positive rates were unacceptablefor all func-
tions tested. At the finest scale,untrainedsnakes, seek-
ing strongestedges,did somewhat betterthanany of the
trainedmodels,showing that oneobjective function does
notfit all possiblesituations.Oneof thelikely reasonsthat
Gaussiantraining could not recognizecorrectboundaries
at this scalewell is thatboth intensityandgradientalong
thedesiredboundariesin any givenimageappearto bebi-
modal.(Figure7 appearsunimodalbecauseit is anaggre-
gateof featuresin 24 images.) Inspectionof the images
shows that specklemakes intensitiesalong the boundary
alternatefrom darkto light, andgradientsperpendicularto
theboundaryalternatein polarity.

However, atcoarserscales,theuntrainedsnake’sperfor-
mancewaseclipsedby thetrainedsnakes,particularlythe
onethatmodeledcovariance.Thecovariantmodelworked
bestat a higherblur (4) herethanit did in bladderCT im-
agery, dueto theeffectsof blurringonspeckle.

Again,asmeasuredby correlationcoefficientor by dis-
tanceto nearestincreasingfunction, the untrainedsnake
scoredbestof all themodels—atthefinestscale.But un-
like in the CT domain,increasingthe blur madethe un-
trainedmodelperformsignificantlyworse,notbetter. With
the Gaussiantrainedmodels,blur helped. At high blur,
modelingcovarianceprovided significantcuesas to dis-
tancefrom shapecorrectness.Not too surprisingly, sec-
toring provided no advantagein this speckledratherthan



cluttereddomain. This indicates(asis visually apparent)
that in this domainimagequalitiesdid not differ consis-
tently accordingto whatportionof thecontourthey were
on,or accordingto whatstabilizingorgansthey werenear;
in fact,therewerefew localizingfeaturesof any kind, and
nostabilizingbony structuresatall.

Scale
z ¢ | ¢ z<~ |7~ ¤ ¢ ~

2 869 428 -52 75 -0.48
4 823 372 -32 42 -0.53
8 764 324 -14 19 -0.48

Table5: Echocardiogram:learnedparameters(7,073pixels in
24contoursin 24 imagesets).
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Figure7: Histogramsof pixel intensity(left) andperpendicular
gradientdistributionfor innerheartwalls (blur scale4).

Objective
function

Scale
(pixels)

Falsepositiverate
Avg % Avg dev 95%conf

Untrained
(traditional)

2 18 15 ¥ 7.0
4 32 21 ¥ 10.0
8 47 18 ¥ 8.4

Singleintensity
& gradient
strengthGauss

2 31 21 ¥ 10.0
4 29 20 ¥ 9.2
8 34 18 ¥ 8.5

Gaussians
in 12sectors

2 29 21 ¥ 10.0
4 28 21 ¥ 9.6
8 35 18 ¥ 9.0

Gaussians
with covariance

2 27 17 ¥ 8.6
4 23 16 ¥ 8.0
8 30 16 ¥ 7.9

Table6: Performanceonechocardiograms:falsepositives.

6 Conclusions
In ourdomainsof clutteredabdominalCT imagery, the

enhancementswe madeto snakes were necessaryto get
good segmentationresults. Our evaluationtools provide
evidencethat heterogeneoustraining (sectoring)reduces
the learnedobjective function’s falsepositive ratesignif-
icantlyoversimpleunsectoredtraining,particularlywhere

Objective
function

Scale
(pixels)

Correlationcoefficient
Avg Avg dev 95%conf

Untrained
(traditional)

2 0.55 0.15 ¥ 0.071
4 0.38 0.23 ¥ 0.12
8 0.11 0.31 ¥ 0.15

Singleintensity
& gradient
strengthGauss

2 0.23 0.26 ¥ 0.13
4 0.34 0.26 ¥ 0.13
8 0.35 0.23 ¥ 0.11

Gaussians
in 12sectors

2 0.24 0.25 ¥ 0.13
4 0.33 0.27 ¥ 0.13
8 0.33 0.25 ¥ 0.12

Gaussians
with covariance

2 0.19 0.23 ¥ 0.12
4 0.34 0.19 ¥ 0.11
8 0.40 0.20 ¥ 0.11

Table7: Performanceonechocardiograms:correlation.

Objective
function

Scale
(pixels)

Obj. functionmonotonicity
Avg Avg dev 95%conf

Untrained
(traditional)

2 0.78 0.10 ¥ 0.049
4 0.85 0.12 ¥ 0.063
8 0.93 0.078 ¥ 0.042

Singleintensity
& gradient
strengthGauss

2 0.90 0.072 ¥ 0.033
4 0.85 0.11 ¥ 0.052
8 0.82 0.13 ¥ 0.064

Gaussians
in 12sectors

2 0.90 0.078 ¥ 0.039
4 0.85 0.12 ¥ 0.057
8 0.83 0.13 ¥ 0.060

Gaussians
with covariance

2 0.93 0.054 ¥ 0.029
4 0.87 0.064 ¥ 0.032
8 0.83 0.10 ¥ 0.052

Table8: Performanceonechocardiograms:monotonicity.

therewassystematicvariationaroundtheobjectbeingout-
lined.

TheCT evaluationsshow muchbetterperformancefor
energiesbasedon the fine imagescalethan for thoseon
the coarsescale;the ultrasoundevaluationsshow the op-
posite.Thisdemonstratesthatdomain-dependenttestingis
necessaryto measureandchoosethe bestobjective func-
tion. Particularly in domainsin which objectboundaries
werelessaccuratelydrawn, a coarserscalemakesimage
propertieson the boundary“visible” to the contoursthat
are further away. Sinceblurring seemsto often prevent
energy functionsfrom beingableto distinguishright and
wrongboundaries,andyet blurring maybe necessaryfor
gradientdescentoptimizationparticularlyin imagerysuch
asthese,gradualdeblurringis indicated—astandardrobust
optimizationtechniquerecommendedin [11].

In summary, we have demonstratedand evaluated
straightforwardtrainingof a continuousshapemodel. We



have exploredsectoring,a modificationof snakesthat in-
corporateslocal adaptability, and that gives quantifiable
improvementat only a small incrementin complexity. We
have developedanddemonstrateda methodologythat al-
lows us (and others) to quantify how good deformable
modelsare,andto gaininsightinto anobjectivefunction’s
strengths.As part of this method,we have contributeda
new wayof measuringadataset’sproximity to anincreas-
ing functionthatis morejustifiablethansimplecorrelation.
And lastly, wehavetestedthemethodologyonabelievably
largedatasetof imagesin two verydifferentdomains.
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