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Abstract

e review our work on howto teat deformablemod-
elsto maximizemage segmentationcorrectnesdasedon
userspecifiedcriteria. We then presentnew variantsand
applicationsof learnedsnales, modeledby four different
probability densityfunctions(PDFs), at three scales,and
in thetwoverydifferentmedicaldomainsof abdominalCT
slicesandedchocadiograms.

W& review and extendour methodfor evaluatingwhich
criteria work best. Successlepend®n therelation of ob-
jective function (the PDF) output to shapecorrectness.
This relationship, for all the above learned snale vari-
antsanddomains,s evaluatedon perturbedgroundtruth
shapesn threeways: by theincidenceof “false positives”
(scoring betterthan groundtruth) of randomizedshapes;
by the monotonicityof the objectivefunctionversusshape
closenes$o groundtruth, asgivenby a correlationcoefi-
cient; and by the distanceof this relationshipto the near
estmonotonicallyincreasingfunction,a new performance
measue which weintroducehere.

We exhaustivelydemonstate suc evaluationson tradi-
tional snales,andon snalesfor which image intensityand
perpendiculargradient are learned sepaately, and with
their covariances,and with sepaate learning over equal-
length”sectors”. Optimalblur appeas to dependon do-
main. Both sectoringand the useof covariancemarkedly
improveresultsn abdominalCTimages,whee nearbyim-
age landmarkg(i.e. organs)stabilizelearning Resultson
edocadiograms,however, are lessstriking, althoughthe
useof covariancedoesshowimprovementspn investiga-
tion this appeas dueto the non-Gaussiardistribution of
image featuresin this domain.

1 Introduction

This work specifiesandevaluatesnew waysof training
a machineto find outlinesof a known kind of objectin
imagesfrom a domainof consistentappearancelt uses
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deformablemodels(often called“snakes”), but this train-
ing extendsthe applicability of the methodby adaptingit
whereit would be unableto work otherwise.We develop
novel methodgo assesbow well amodel,trainedor fixed
a priori, canperformin a given domain. We assessour
differentmodelsat threedifferentresolutionsin two dif-
ferentimagedomains,andfind that training can provide
a marked improvement,undercertainconditionsthat our
measuremertechniquesnake precise.

Therearedomaindgn whichtraditionalsnales,attracted
to strongesbr closesimageedgesfail. Thisis truein CT
imagesof lower abdominalorgans,which are pressedip
againstsimilar organsand brighter, strongeredgedbone,
and also in echocardiogramswhich contain inner and
outerheartwalls, andlarge blobsof noise. This is not just
a problemof avoiding suboptimallocal minima—in such
casesthewrongobjectin factsatisfieghe objective func-
tion betterthantheright onedoes. Researcherbave for-
mulatedalternatve objective functionsto get aroundthe
problem, but without formally testingtheir propertiesin
thedomain,andwithout having somebasisto comparehe
alternatves.

Contraryto intuition, the distribution of an objective
function’s valuesfor correctcontoursgives no informa-
tion aboutits goodnesdor segmentation since, if incor-
rect contourshave the samedistribution of values, the
function cannotguide a contourto the correctshape.We
thereforeexamineanenegy function’sbehaior for incor
rectshapesby generatingsuchshapedrom ground-truth
shapesn asampleof domainimages Additionally, we in-
vestigatemaking a deformablemodelresponddifferently
to localimagequalitiesat differentplacesonits boundary

2 Background
2.1 Deformablemodels

A deformablemodelis a descriptionof a shapewhose
parametersre iteratively adjusteduntil it best matches
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Figurel: In bladdersof differentpatients partsof their bound-
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whatis depictedin animage. “Best” is measuredy an
arbitraryreal-valuedobjective function,or “enemgy.” In the
caseof a 1D contourin a 2D image,the modelis calleda
shale, asin thework thatfirst introducedhe method[11].

A deformablemodel finds an objectin an image by
maximizing an objective function of image and shape:
S* = argmaxg f(I,S), wherethe M x N image
I € RMN andshapesS is a vector of shapeparameters
(51...8,). Theinputsto f: RMN x R™ — R arein the-
ory, the value of every pixel and every shapeparameter
Theoutputof f reflectsthelikelihoodthatS depictsa par
ticular objectin imageI. Often, f is a combinationof
a shapeenepgy which penalizesundesiredshapesandan
imageenegy which responddo the strengthandnearness
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
representationsf curvesor surfaces.Theseconds anob-
jective function, f; a large variety of shapeenegiesand
imageenegieshave beenused. The third is anoptimiza-
tion techniquethe usualmethodis somevariety of gradi-
entdescentwhich requireghatthefunctionbemonotonic
in the region searched.However, othersare possible,as
reviewedin [14].

Oneframavork in whichthesethreeelementsareoften
justified is the probabilisticformulation, which motivates
the useof obsened distributions, thatis, learning. Here,
the objectve function approximateshe a posterioriprob-
ability P(S | I) thatthe correctshapds S, giventhatthe
imageis I. This Bayesianformulationis: P(S | I) =
P(S)P(I| S)/P(I) We seekthe shapeS* mostprobably
depictedby imagel by maximizingP(S | I) overS. Not-
ing thatP(I) is constantandP(I | S)P(S) = P(IA S),
we maximizethe simplejoint probabilityP(I A S), which
is a probabilitydistribution in the singlespaceRMN+7,
2.2 Prior work: learning for segmentation

The distributionsof theimagequalitiesmustbe recov-
eredfrom obsenationsin imageswith ground-truthcon-
tours. For deformablemodels,work hasbeendoneon
learningspecializedshapeandfeaturemodels but hasnot

beengeneralized. Among learnedprior shapemodels,
therehave beena multidimensionalGaussiardistribution
of vertex positions[7]; Markov RandomFields of vertex

displacementsvith respecto neighborg12, 13]; a Gaus-
siandistribution of variationsin “vibration modes”[16];

and a Gaussiardistribution in a Fourier harmonicrepre-
sentatior[18]. Amonglearnedimagefeaturestherehave
beenkn-dimensionalGaussian®f intensitiesalong line

segmentsof n pixels perpendiculato a shapeboundary
at k featurepoints [7]; Gaussiandistributions of multi-

scaleintensity and gradientat a few pointsaroundmary

organssimultaneously2]; 3D modelsof shapéncorporat-
ing the obsened likelihood of nearbyedgesbeing spuri-
ous|[3]; histogramof pixel valuesfrom ground-truthshape
boundarieg9]; anddiscriminantanalysison groundtruth

to chooseamongfeatured5].

However, in medicalimagessomestructuresare nei-
ther sharp-edgedhor reliably differentin color from sur
roundingstructures.Thus, despitethe researchsomeor-
gancontoursmuststill beoutlinedmanually Thisis time-
consumingpftenrushed andofteninaccurate.

2.3 Prior work: measures of performance

Typicalmeasuresf succesarebasednratiosof pixels
identifiedcorrectlyas*“in” or “out” [15]. Boundary-based
measuresnay be moreefficient, though;for example,[6]
introducesa shapdlifferencemeasure Performancenal-
ysis of edgeand relatedlow-level featuredetectorscan
be doneanalytically or empirically using stochastiam-
agenoise[17], or againsigeometricconstraint§1]. How-
ever, work on deformablemodeltestingis sparse.In [8],
atheoreticabnalysisshaovsthey corvergein somelimited
situations But generallywhendeformablenodelsareval-
idatedexperimentally eachimageis tried with only one
initial contour

This work usesstochasticsamplingof analyticaldis-
tributionsto measurgperformancebut randomnesss ap-
plied to a differentpartof the system:solutionshapesre
randomlyperturbedo determinethe behaior of a candi-
dateobjective functionin realimages.We measureotthe
resultof the optimization,but ratherthe presencef nec-
essarygualities(local monotonicityandoptimality) of the
objective function.

3 Formal frameworks
3.1 Framework for training

Our inputs are a set of imagesfor eachof which the
correctshapds known. Thus,thetrainingdataconsistsof
groundtruth pairs{(I1, S1), ..., (In, Sp) }. We mustse-
lect a function thatis extremalfor shapesvhoserelation
to theimagedataresembleghosein this set. This means
thatafeaturesetF (I, S), atractableprojectionof RMN+7
mustbe mappedo somemeasureof populatednesi the
vicinity, g(F(I,S)). To do this, the finite setof training



Figure2: 1,000perturbedsersionsof a heartwall contour

pointsin featurespacemustbe extendedo yield probabil-
ity densityvalueseverywheren thatspacesincethis task
is underconstrainedsomekind of structureor regulariza-
tion mustbe imposed[19]. This done,the “best” shape
in animageis S* = arg maxs g(F(I,S)). Assumingthat
thetraining dataweredravn independentlywe thusmust
find thefunctiong thatmaximizes[ ]}, ¢(F(L;,S;)). For
Gaussiardistributions, the meanand variances(and co-
variancesfor a nondiagonaimodel) maximizethis like-
lihood.

3.2 Framework for performance measurement

Performancés characterizetdy how theobjectivefunc-
tion reactsto nearcorrectshapesn actual,complec im-
agedata. An objective function mustsatisfytwo kinds of
optimality: absolutely the ground-truthshapemustscore
betterthanary othershape and(for gradient-basedlgo-
rithms) relatively, asa shapeapproachegroundtruth its
scoremustimprove. Thus,the basisof our testof anob-
jective functionwill bethegeneratiorof m shapesamples
perimage(in practice,m=1,000),eachsampledetermin-
ing thepair (D, f), whereD is ameasuref how closethe
sampleis to the groundtruth shapeand f is the objective
functionvaluefor thesample.

Severalwell-known measuresf shapealifferenceexist.
TheHausdorf distancg10] would notbeagoodindicator
here,asit treatsa single,local n-pixel deviation the same
asdisplacemenby n pixels everywhere. The symmetric
differenceof the areasenclosedy two boundarie§15] is
inefficientto calculate.An elegantiteratve measurds in
[6]. But we usethe chamferdistancebetweentwo bound-
aries[4], theaverageoveroneshapeof distancedo theclos-
estpoint on the other Althoughthis measureés asymmet-
ric, we foundin ourimagerythatit hasa high correlation
(0.977)betweenD(a, b) and D(b, a). And althougharbi-
trarily long but narronv protrusionsmay not registerlarge
differencesthesedid notarisein ourdomains.

For eachtestimage,the relationshipof objective func-
tion to known shapecorrectnesgdistanceto groundtruth)
over the expectedrangeof shapesampleds describedx-
actly by ascattemplot. We usethreestatisticto summarize
scattemplot propertiesThemoststraightforvardtestof ab-
soluteoptimalityis thenumberof contourshaving enepgies
below thatof the groundtruth, falselyindicatingthatthey

P10/3's bladder, slice 22 at blur 2 P11/1's bladder, slice 20 at blur 2

Traditional (untrained) snake energy
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Figure3: Eachperturbedcontouris a pointin a scatteplot of
differencefrom correctshapevs. enegy. Left: Plothas0% false
positives,high-correlatior{0.73),is close(.55)to nearesincreas-
ing function.Right: Plothas8.8%falsepositives,low-correlation
(-0.04),is far (.98) from nearesincreasingunction.

are bettersolutions. An approximatetestfor relative op-
timality (pealednessyusesa plot's correlationcoeficient
to measuranonotonicity But a third andideal indicator
of robustgradientdescenbehaior would be how far the
pointset{(D;, f;) : 1 < i < n} is from the closestin-

creasindunction. Thus,theroot-mean-squam@sidualdis-
tance hormalizedby thevarianceof the f;, is ameasuref

monotonicitywhich variesfrom 0, if thedatais strictly in-

creasing“good”), to 1, if it is strictly decreasing“bad”).

Randomlyfluctuatingdata,with 1,000sampleshasbeen
foundto yield measuresvithin 1% of 1 (very “bad”).

4 Implementations
4.1 Implementingtraining

Shapesrecurrentlylimited to piecavise cubics;those
we have usedare polylinesand C? cubic splines. This
designlimits objective functionsto thosewhich aresums
over the pointsin the shapeandits normals,but it makes
f independentf the shapemodelS(u). Imagequantities
wereobsenedatascales, usingaGaussian-blurreinage
I, = I+ Gj§ ,. Theshapesrelationto theimagewassum-
marizedby imageintensities I (S(u)); andby directional
imagegradientsnormalto the shape S+ (u) - VI, (S(u)),
whereS+(u) is the unit normalto S(u). Thesefeatures,
measuredlongS atone-pixel intervals,canbeconsidered
the outputof F(I,S). Blurring scalesof s = 2, 4 and8
pixelsweretried, basedn obsenationof imageproperties
andstructures.

We choseperhapghesimplestmodelof thedistribution
of our features—amultidimensionalGaussian. Specifi-
cally, we assumedhdependenidentically-distritutedval-
uesof intensityanddirectionalgradientat all pointsalong
S. Thus,training recoseredthe parameter®f two Gaus-
siandistributions, N (uz, o) and N (uv, ov). Thejoint
probability of both thesequantitiesat every point around
thecontourwasthemodeledprobabilityof observinghose
featuresonashapesS in animagel, i.e,, P(F(I, S)). This
is aproductof Gaussiandts negativelog, “imageenegy”
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Figure4: Eachsectohasseparatelyearnech Gaussiamfimage
intensity Therangebarsaretallestin regions12,1 and2, in the
greatesintensityvariability atthetop of the bladder

E,is E, definedas:

7{ (L,(S(u)) — “I)zdw?{ (St (u) - VI, (S(u)) — pv)’

2 2
031 oy

du

We alsousedan enegy with onemore parameterthe cor-
relationbetweenintensityandgradientat a point. Thisis
a 2D Gaussiamatherthanthe joint distribution of two 1D
GaussiansThis enegy wasdefinedas

% (L (S(w)) — pr) (8* (u) - VL(S(w)) — p)

o10vCIv

du

FEs-2

Minimizing this “enemgy” is equialent to maximizing
P(F(I,S)). We usestraightforvard gradientdescenmin-
imizationover shapes$, sowe musttake the derivative of
E with respecto the parametersf S.

To provide comparisorwith traditionalmethodsasap-
pliedin the samedomain,we alsouseda “traditional” ob-
jectivefunction(notbasedntraining)thatsummedyradi-
entstrengthonthe shapeboundary:

Er = = § VL (S(w)ldu

Having notedthat the qualitiesthat the model should
seekmay not be uniform everywhereon its boundary
we also developeda spatially varying objective function,
whichwe call sectorednales.n this, we followed[7], al-
thoughthey traineda smallnumberof preselectedeature
points. We seekan accurateboundaryeverywhere sowe
dividedthe contourinto a fixednumberof equal-lengttre-
gions(sectors)eachwith separatéraining(Figure4). (We
chosel2 sectors,correspondingo clock positionsabout
the centerof massof the contour; this was basedon the
sizesof surroundingstructuresn ourimagery)

4.2 Implementing perfor mance measurement

The novel measureof closenesgo nearestincreasing
functionswas programmedrom basicprinciples,andis
describedhere. Assumefunction f(z) and dataS =

{(zi,u:;) : 1 < i < n}. We definethe “distance” of
S from f asthe sumof squareddifferencef residuals,
> (yi — f(x;))?. If oneincreasing(continuous)unction
fo minimizesthis distancethenso do mary others,since
thedistanceonly depend®n f’svaluesatthex;. Thus,the
problemis reducedo findinganincreasingdiscretesetof
f(=z;), or f;, thatminimizesthe sumof residualsfurther,
this minimumdoesnot dependon the valuesof thez;, but
only ontheorderingthey imposeon the f;. Sinceit is the
residualerrorwhich givesa measuref how closethedata
setis to anincreasingunction,analgorithmto find theer
ror thereforeonly needsasinput an orderedsequencef
Yi-
The algorithmfor finding { f;} is basedon the insight
that the closestincreasingsequencdo a decreasingse-
guenceof y; is the constantsequenceconsistingof its
mean.An initial sequencd f?}, notyet madeincreasing,
is setequalto the data. In successie iterations{ f¥}, de-
creasingsubsequenceare selectedand then replacedby
equallengthsubsequencesnsistingof thatmary repeti-
tionsof thesubsequenamean.Theseconstantunscanbe
storedefficiently; thealgorithmcanbeprovedto terminate;
andtheresultingsequencemodifiedin place,is the clos-
est(in termsof theleast-squared,?, norm)nondecreasing
sequencéo theinputsequence.

The shapeperturbationsvere a combinationof trans-
lation and of scalingindependenthyaroundtwo randomly
choserorthogonabxescenteredn the contours centroid.
The translations,and the logs of the scalefactors,were
normally distributed. Sincethe objectswereinner heart
walls with widths of 40—-120pixels and heightsof 30-90
pixels,andbladderswith widths of 70-90andheightsof
70-100,we consideredt reasonablé¢hat the translations
were given a standarddeviation of 5 pixels, andthat the
logsof thescalefactorsweregivena standardieviation of
log(1.1), or 10%stretch/shrinkage.

In eachof our two domains,we testedtwelve differ-
entobjective functions. Therewerefour differentfeature
models—theraditionaluntrainedsnale; oneusing Gaus-
siansmodelingintensityanddirectionalgradientithesame
with covarianceandthesamewith 12independentlynod-
eledsectors Eachwastestedat threescalesplurring with
Gaussiarkernelsof 6=2, 4 and8 pixels. All testsusedthe
samel,000parameterize@erturbations.

5 Experiments

To the bestof our knowledge thisis the mostextensie
formal measuremerdind comparisorof the effectiveness
of deformablemodelenepy functions.
5.1 Domains

In the domainof bladdersn abdominalCT scans,our
imageswere from a study at Memorial Sloan-Kettering
CancerCenter Upon investigation,it appearedhat the



Figure5: Two representate echocardiogramshaving degree
of speckleandinexactnes®f ground-truthcontour

“ground truth” availableto us was not dravn very accu-
rately; it is often aboutsix pixels away from the visible
organboundaryin a 512 x 512 image. To getaccurate
training data,we drew our own contours,with agreement
from doctorsthat we could do betterthanthe onesthey
routinelydren undertime pressure We trainedandtested
on 36 high-qualitybladdercontours.

In the domain of ultrasoundimages of the heart
(echocardiograms)the quality of the imagesis much
poorer Regions are not of homogeneousolor but are
rathercharacterizethy “speckle”concentrateet structure
boundariesgspeciallythoseperpendiculato thesensodi-
rection(Figure5). We trainedandtestedon the ratherin-
exact expert-dravn 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 the commercialfirm, Echovision, had
beenpreprocessedsing their proprietary(and therefore
unknown) despecklingalgorithm.

5.2 Protocol

Training and segmentatiorwas donefor four different
shale formulations:the sectoredsnale; the simpletrained
model; the modelwith covariance;and a traditional, un-
trainedsnale whoseenengy is gradientstrengthtraversed
by the contour Eachof thesewastestedat threescales,
s = 2,s = 4,ands = 8, for atotal of twelve differ-
entobjective functions.We evaluatedeachof theseenegy
functionswith 1,000perturbation®f thegroundtruth con-
tour. We used‘jackknife testing”: the performancen each
ground-truthmagewastestedusingmodelstrainedon all
imagedutthatone.We evaluateceachwith ourthreemea-
sures(false positives, correlation, distanceto closestin-
creasingfunction), and characterize@achfunction’s per
formancdn eachdomainby giving eachstatistics average,
averagedeviation, and confidenceinterval over the entire
groundtruth testset. Averagedeviation is similar to the
standardieviation, but is morerobustto outliers. The con-
fidenceintenalsare however, basednstandardleviation,
andarethereforeworst-case.

5.3 Bladder Results

Overall, training provided a marked improvementover
simpleuntrainedattractionto edges.

The simplestform of training using two independent
Gaussiangnodelingthe probability of finding a givenin-
tensityI,(S(u)) atacontourpixel with blur s, andof find-
ing a givengradientS+ (u) - VI, (S(u)) perpendiculato
the contour By way of illustration, Table1 shavs thedis-
tribution parametergir, or anduvy, oy of thesefeatures
atthebestscale,s = 2. It alsoshows prv, the additional
parameteusedby the modelthatlearnsthetwo Gaussians
with covariance. The Gaussiarmodelprovided a reason-
ablefit; seeFigure6.

Thevarianceof thegradients highatcoarsescalesthis
would seemto make the gradientaninsignificantcontrib-
utor to the objective function. Neverthelessthe function
that modeledthe covarianceof the intensityandthe gra-
dient producedhalf the falsepositivesof its closestcom-
petitor at that scale,meaningthat usefulinformationwas
in factpresentn thegradientshigh correlationwith inten-
sity, prv, despitethe gradients high varianceon its own.

Falsepositives(seeTable2) occurredfar lessoftenwith
trained snales than traditional snales—in fact, the inci-
dencewasnegligible whentheleastblur wasused,for all
threevarietiesof training. By contrastatraditionalsnale,
attractedto the strongestedges,incorrectly gave 15% of
the perturbedshapesa betterscore;at higherblurs, it did
evenworse.At coarsescalesgdifferenceamongthekinds
of training becameapparent.At scale4, sectoringcut er-
rorsalmostin half, asdid useof covariance.

The correlationof distancefrom groundtruth vs. ob-
jective functionis in Table3. Mostimportantly all of the
trainedformulationsdemonstrated muchhighercorrela-
tion than traditional untrainedsnales. Snales with sec-
toredtraining hadslightly highercorrelationghanunsec-
tored trained snales at biggerimage scales. For all ob-
jective functionmodels,coarset(blurrier) imagescaleim-
provedcorrelation but coarseiscalealsodevastatedalse-
positiverates.

As hoped,a very nearly inverserelationshipwas ob-
sened betweenthe correlationcoeficient and our novel
measureof distancefrom monotonicity;thus, in this do-
main, bothareequallygoodindicators.As a comparison,
thevalueof thismeasurdor randomizedcatterplotswere
experimentallycomputedto be uniformly between0.99
and1; objective functionswith significantmonotonicityin
Table4 have muchlowervalues.

54 Heart Results

Resultsweregenerallypoorerbecausef the quality of
the imagesand contours;still, mary usefulrelationships
emeged.

Table5 givesanillustration of parametersecoveredin



Figure6: Histogramsof pixel intensity (left) andperpendicular
gradientdistribution for bladdergblur scale2).

| Scale| K OF | ny Oy | PIV |
2 1002 23| 14 8.9|-0.55
4 1004 26|59 7.1|-0.77
8 1010 31|16 4.1|-0.86

Table 1. BladderCT: learnedparameters9,700pixels in 36
contoursof 24 imagesets).

Objectve  Scale Falsepositive rate
function (pixels) | Avg% Avgdey 95%conf
. 2|15 15 +5.9
Untrained
(raditional) |23 1/ +63
8|32 20 +7.7
Singleintensity 2| 1.1 16 +0.98
& gradient 4111 11 +4.1
strengthGauss 8 | 33 5.8 +2.7
Gaussians 2| 11 1.7 +1.1
in 12 sectors 4| 6.7 7.4 +3.3
8|27 6.4 +3.0
Gaussians 2| 16 25 +14
with covariance 41 66 79 +30
8|14 12 +4.4

Table2: Performancen bladderCT: falsepositives(1,000per
turbedcontoursfor eachof 36 imagesusingjack-knifetesting).

Objectve Scale| Correlationcoeficient
function (pixels)| Avg Avgdev 95%conf
Untrained 210.15 0.34 +0.12
(traditional) 410.21 0.37 +0.14
810.22 0.38 +0.15
Singleintensity 2 | 0.55 0.14 +0.057
& gradient 41058 014 +0.056
strengthGauss 8| 0.44 0.089 +0.040
Gaussians 21055 012 +0.050
in 12 sectors 410.60 014 +0.055
8| 0.51 0.083 +0.038
Gaussians 21054 0.095 +0.037
with covariance 410.60 0.11 +0.039
810.63 0.12 +0.045

Table3: Performancen bladderCT: correlationcoeficient, be-
tweenchamferdistanceandimageenepy.

Objectve  Scale| Obj. functionmonotonicity
function (pixels)| Avg Avgdev 95%conf
Untrained 210.87 0.16  +0.058
(traditional) 410.84 0.20 +0.075

81 0.85 0.18 +0.070
Singleintensity 2 | 0.76 0.13 +0.051
& gradient 410.73 0.14  +0.052
strengthGauss 8| 0.81 0.099 +0.046
Gaussians 210.76 0.12 +0.044
in 12 sectors 41071 0.14 +0.054

810.74 0.10 +0.052
Gaussians 210.79 0.079 +0.032
with covariance 410.73 0.098 +0.037

8| 0.68 0.13  +0.049

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

the simple two-Gaussiartraining. Variancein both fea-
tureswas large, meaningthat the probability distribution
inducedby thedatawasestimatedvith poorcertainty Cor-
relationbetweerthe two featuresthough,wassignificant
anduseful,asfurthertestingshoved. The actualseparate
distributionswhichthe Gaussianattempto modelarehis-
togrammedn Figure?.

False positive rates were unacceptabléeor all func-
tions tested. At the finest scale,untrainedsnales, seek-
ing strongesedges,did someavhat betterthanary of the
trainedmodels,shaving that one objective function does
notfit all possiblesituations.Oneof thelikely reasonghat
Gaussiartraining could not recognizecorrectboundaries
at this scalewell is thatbothintensityandgradientalong
thedesiredboundariesn ary givenimageappeato bebi-
modal. (Figure7 appearainimodalbecausdt is anaggre-
gateof featuresin 24 images.) Inspectionof the images
shaws that specklemakes intensitiesalong the boundary
alternateérom darkto light, andgradientgerpendiculato
theboundaryalternaten polarity.

However, atcoarsescalestheuntrainedsnale’s perfor
mancewaseclipsedby the trainedsnales,particularlythe
onethatmodeledcovariance The covariantmodelworked
bestat a higherblur (4) herethanit did in bladderCT im-
agery dueto the effectsof blurring on speckle.

Again,asmeasuredby correlationcoeficientor by dis-
tanceto nearestincreasingfunction, the untrainedsnale
scoredbestof all the models—athe finestscale.But un-
like in the CT domain,increasingthe blur madethe un-
trainedmodelperformsignificantlyworse notbetter With
the Gaussiartrained models,blur helped. At high blur,
modeling covarianceprovided significantcuesas to dis-
tancefrom shapecorrectness.Not too surprisingly sec-
toring provided no advantagein this speckledratherthan



cluttereddomain. This indicates(asis visually apparent)
thatin this domainimage qualitiesdid not differ consis-
tently accordingto what portion of the contourthey were
on, or accordingo whatstabilizingorgansthey werenear;
in fact,therewerefew localizingfeatureof ary kind, and
no stabilizingbory structuresatall.

| Scale] ur o1 |uv ov | prv |
2 869 428|-52 75| -0.48
4 823 372|-32 42| -0.53
8 764 324|-14 19| -0.48

Table5: Echocardiogramlearnedparameter$7,073pixels in
24 contoursn 24 imagesets).

Figure7: Histogramsof pixel intensity (left) andperpendicular
gradientdistribution for innerheartwalls (blur scale4).

Objectve  Scale Falsepositive rate
function (pixels) | Avg% Avgdev 95%conf
. 2 18 15 +7.0
Untrained
(raditionaly  ¥| 32 21 +100
8 47 18 +8.4
Singleintensity 2 31 21 +10.0
& gradient 4 29 20 +9.2
strengthGauss 8 34 18 +8.5
Gaussians 2 29 21 +10.0
in 12 sectors 4 28 21 +9.6
8 35 18 +9.0
Gaussians 2 27 17 +8.6
with covariance 4 23 16 +8.0
8 30 16 +7.9

Table6: Performancen echocardiogramdalsepositives.

6 Conclusions

In our domainsof clutteredabdominalCT imagery the
enhancementa/e madeto snaleswere necessaryo get
good segmentationresults. Our evaluationtools provide
evidencethat heterogeneousaining (sectoring)reduces
the learnedobjective function’s falsepositive rate signif-
icantly over simpleunsectoredraining, particularlywhere

Objectve  Scale| Correlationcoeficient
function (pixels)| Avg Avgdev 95%conf
Untrained 21055 0.15 +0.071
(traditional) 410.38 0.23 +0.12
8]0.11 0.31 +0.15
Singleintensity 2 | 0.23 0.26 +0.13
& gradient 410.34 0.26 +0.13
strengthGauss 8| 0.35 0.23 +0.11
Gaussians 210.24 0.25 +0.13
in 12 sectors 410.33 0.27 +0.13
81 0.33 0.25 +0.12
Gaussians 210.19 0.23 +0.12
with covariance 410.34 0.19 +0.11
81 0.40 0.20 +0.11

Table7: Performancen echocardiograms:orrelation.

Objectve  Scale| Obj. functionmonotonicity
function (pixels)| Avg Avgdey 95%conf
Untrained 210.78 0.10 +0.049
(traditional) 410.85 0.12  +0.063

810.93 0.078 +0.042
Singleintensity 2 | 0.90 0.072 +0.033
& gradient 41 0.85 0.11  +0.052
strengthGauss 8 | 0.82 0.13 +0.064
Gaussians 210.90 0.078 +0.039
in 12 sectors 410.85 0.12  +0.057

810.83 0.13  +0.060
Gaussians 210.93 0.054 +0.029
with covariance 410.87 0.064 +0.032

810.83 0.10 +0.052

Table8: Performancen echocardiogramsnonotonicity

therewassystematiwariationaroundthe objectbeingout-
lined.

The CT evaluationsshov muchbetterperformancdor
enegiesbasedon the fine imagescalethan for thoseon
the coarsescale;the ultrasoundevaluationsshowv the op-
posite.Thisdemonstratethatdomain-dependemestingis
necessaryo measureand choosethe bestobjective func-
tion. Particularly in domainsin which objectboundaries
werelessaccuratelydravn, a coarserscalemalesimage
propertieson the boundary“visible” to the contoursthat
are further away. Sinceblurring seemsto often prevent
enegy functionsfrom beingableto distinguishright and
wrong boundariesandyet blurring may be necessaryor
gradientdescenbptimizationparticularlyin imagerysuch
asthesegradualdeblurringis indicated—astandaraobust
optimizationtechniquaecommendeth [11].

In summary we have demonstratedand evaluated
straightforvardtraining of a continuousshapemodel. We



have exploredsectoring,a modificationof snalesthatin-
corporatedocal adaptability and that gives quantifiable
improvementat only a smallincrementin compleity. We
have developedand demonstrate@ methodologythat al-
lows us (and others)to quantify how good deformable
modelsare,andto gaininsightinto anobjective function’s
strengths.As part of this method,we have contributeda
new way of measuring datasets proximity to anincreas-
ing functionthatis morejustifiablethansimplecorrelation.
And lastly, we havetestedhemethodologynabelievably
large datasetof imagesn two very differentdomains.
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