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요 약

TRUS영상에서 전립선에 대한 많은 진단과 치료 과정에서 정확한 전립선 경계의 추출이 요구된다.

여기에는 전립선 경계의 애매함,반점,낮은 그레이 레벨로 인하여 많은 어려움이 존재한다.본 논문에서

는 서포트 벡터와 뱀형상 윤곽선을 이용하여 TRUS영상의 자동 전립선 분할에 대한 방법을 제안한다.

이 방법은 전처리,가버 특성 추출,학습,전립선 추출 단계로 구성된다.텍스처 특성을 추출하기 위하여

가버 필터 뱅크가 사용되며,학습 과정에서 전립선과 비전립선의 각 특성을 얻기 위하여,SVM이 사용

된다.전립선의 경계는 뱀형상 윤곽 알고리즘에 의해 추출된다.실험 결과,제안된 알고리즘은 인간 전문

가가 추출한 경계와 비교했을 때 9.3%보다 적은 차이로 전립선 경계를 추출할 수 있었다.

▸Keywords:서포트 벡터,뱀형상윤곽,TRUS,전립선

Abstract

Inmanydiagnosticandtreatmentproceduresforprostatediseaseaccuratedetection

ofprostateboundariesintransrectalultrasound(TRUS)imagesisrequired.Thisisa

challenginganddifficulttaskduetoweakprostateboundaries,specklenoiseandthe

shortrangeofgraylevels.Inthispaperamethodforautomaticprostatesegmentation

inTRUSimagesusingsupportvectorsandsnake-likecontourispresented.Thismethod

involvespreprocessing,extractingGaborfeature,training,andprostatesegmentation.

Gaborfilterbankforextractingthetexturefeatureshasbeenimplemented.Asupport

vectormachine(SVM)fortrainingstephasbeenusedtogeteachfeatureofprostateand
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nonprostate.Theboundaryofprostateisextractedbythesnake-likecontouralgorithm.

Theresultsshowedthatthisnewalgorithm extractedtheprostateboundarywithless

than9.3% relativetoboundaryprovidedmanuallybyexperts.

▸Keywords: SupportVector,Snake-likeContour,TRUS,Prostate

Ⅰ.Introduction

AccordingtotheAmericanCancerSociety,dead

rateisdecreasingeveryyearcausedbyprostate

cancer,butitis23per100,000peoplein2007[1-3].

Therateissecondhighestvaluefollowingthedead

rateoflungandbronchus.Hencediagnosisofthe

canceroftheearlystagesiscrucial.Ultrasound

imagingisawidelyusedtechnologyfordiagnosing

andtreatmentthiskindofcancer[4].Especially,

prostate transrectalultrasound (TRUS) prostate

imagesarecapturedeasierandwithlowercost.In

fig.1,anexampleofTRUSimagecaptureisshown.

USimagingisthemainmodalityforprostatecancer

diagnosisandtreatment,duetomanyofitsclinical

advantages,expensiveandeasytouse.Accurate

segmentationofprostateboundariesfromUSimages

playsanimportantroleinmanyprostate-related

applicationssuchastheaccurateplacementofthe

needles and biopsy, the assignment of the

appropriatetherapyincancertreatment,andthe

measurementofthe prostate gland volume [5].

Moreover,theshapeoftheprostateinUSimagesis

considered asan importantindicatorforstaging

prostate cancer. But, because the boundaries

betweenprostateandnonprostateoftheimageare

ambiguous, an automatic extraction of the

boundarieshassomedifficulties[6,7].Suchthat,

theyareveryweaktexturestructure,lowcontrast,

fuzzyboundaries,specklenoiseandshadowregions.

Fig.1.PositionsofUSprobeandprostate

Shendevelopedadeformablesegmentationusing

Gabor-SVM based3D prostateimages[6].Pathak

presented a new paradigm forthe edge guided

delineation, providing the algorithm detected

prostateedgesasavisualguidancefortheuserto

manuallyedit[8].Shendesignedastatisticalshape

modelforoutliningprostateboundaryfrom2DTRUS

images[9].Shaopresentedalevelsetbasedmethod

todetectprostatesurfacefrom 3DUSimages[10].

Yan proposedan automaticsegmentation forthe

prostatefrom2DTRUSusingadaptivelearninglocal

shape statistics [11]. Akbari presented an

automaticsegmentationoftheprostatein3DTRUS

images by extracting texture features and by

statistically matching geometricalshape ofthe

prostate[12].

Thispaperconsistsofpreprocessing,extracting

Gabor feature which extracts and characterizes

texturefeaturesinUSimagesusingGaborfiltersat

multiscalesand multiorientations.training which

trainstheGabortexturefeaturesusingSVM and

eachpixelofthetestimageisclassifiedtoprostate

ornonprostate.Thefinalstepappliessnake-like

algorithm andgetsthesmoothboundariesbetween
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them.Theresultsexperimentedfrom ourmethod

madedifferenceby9.3% comparedtooneofhuman

expert.

Ⅱ.RelatedStudies

In thischapter,wepresentGabortransform,

SVM anddeformablesegmentation.

2.1GaborTransform

TheGabortransform,namedafterDennisGabor,

isaspecialcaseoftheshort-timeFouriertransform.

Itisusedtodeterminethesinusoidalfrequencyand

phasecontentoflocalsectionsofasignalasit

changesovertime.Thefunctiontobetransformedis

firstmultipliedbyaGaussianfunction,whichcanbe

regardedasawindow,andtheresultingfunctionis

thentransformedwithaFouriertransformtoderive

thetime-frequencyanalysis.Thewindow function

meansthatthesignalnearthetimebeinganalyzed

willhavehigherweight.TheGabortransform ofa

signalx(t)isdefinedbythisformula.

   
∞

∞








TheGaussianfunctionhasinfiniterangeanditis

impracticalforimplementation.Buttakealookat

thedistributionofGaussianfunction.






≥ ≤ 






    

Gaussian function with |α|>1.9143 can be

regardedas0andalsocanbeignored.Here,ais

time(sec). Thus the Gabor transform can be

simplifiedas

   











Thissimplification makestheGabortransform

practicalandrealizable.Here,τ iswindowtimeat

the center ofwindow.The Gabortransform is

invertible.Theoriginalsignalcanberecoveredby

thefollowingequation.

 
∞

∞

 


2.2SVM

ThestandardSVM takesasetofinputdataand

predicts,foreachgiveninput,whichoftwopossible

classescomprisestheinput,makingtheSVM a

non-probabilisticbinarylinearclassifier.Givenaset

oftrainingexamples,eachmarkedasbelongingto

oneoftwocategories,anSVM trainingalgorithm

buildsamodelthatassignsnewexamplesintoone

category or the other. The original optimal

hyperplanealgorithm proposed byVapnik wasa

linearclassifier.LinearSVM givessometraining

dataD,asetofnpointsoftheform.

wheretheyiiseither1or−1,indicatingthe

classtowhichthepointxibelongs.Eachxiisa

p-dimensionalrealvector.Wewanttofind the

maximum-marginhyperplanethatdividesthepoints

havingyi=1from thosehavingyi=-1.

In 1992,Vapnik suggested a way to create

nonlinearclassifiersbyapplyingthekerneltrickto

maximum-margin hyperplanes[13].Theresulting

algorithm isformallysimilar,exceptthateverydot

productisreplacedbyanonlinearkernelfunction.

This allows the algorithm to fit the

maximum-margin hyperplane in a transformed

featurespace.Thetransformationmaybenonlinear

andthetransformedspacehighdimensional;thus

though the classifier is a hyperplane in the

high-dimensionalfeaturespace,itmaybenonlinear

intheoriginalinputspace.Fig.2showsanexample

oflinearandnonlinearSVM,respectively.
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Fig.2.LinearSVM andnonlinearSVM

2.3DeformableSegmentation

Deformablemodelsarecurvesorsurfacesdefined

in an image. They are physically motivated

model-based techniques for delineating region

boundariesbyfittingclosedparametriccurvesor

surfaces to image data by means of energy

minimization. Those models deform under the

influenceoftwobasiccomponentsofan energy

function.Thetwocomponentsaretheinternaland

externalforcesasfollowingequation.

     

The process ofdeformation is performed by

minimizingtheenergyfunction,E,thatisdesigned

insuchawaythatitslocalminimumisobtainedat

theboundaryoftheobject.TheexternalenergyEext

derives the mesh towards the surface patches

obtainedinthesurfacedetectionstep.Theinternal

energyEintrestrictstheflexibilityofthemesh.The

parameterαweightstherelativeinfluenceofeach

term.

There are two types of deformable models

describedintheliterature,parametricdeformable

modelsandlevelset-baseddeformablemodels[14].

Parametricmodelshavegainedsignificantattention

throughouttheimageprocessing.Thesemodelshave

been used in edge detection,objectrecognition,

shapemodeling,andmotiontracking.

Forexample,Zhanuseddeformablesurfacemodel

and divided the whole temporary boundariesto

several areas, subsurface [6]. Energy function

evaluates the matching degree and defines two

energytermsoneachvertex ofthesurfacemodel.

Internalenergyisdefinedbythegeometricattribute

vectors and used to preserve the geometric

regulation. External energy is defined by

texture-basedtissuelabelingresultsandusedto

drive the deformable model to the boundary.

Texture-based external energy on  of jth

subsurfaceis
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
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  





Here,N(.):sphericalneighborhood with the

radius R,around  .d(.,.) : 3D Euclidean

distance.,
 :centersoftheprostatevoxels,

i.e., ≥ ,andthenonprostatevoxels,

i.e.,  ,respectively.

Ⅲ.SegmentationusingGaborFeatures

andSnake-likeContour

The method consists ofpreprocessing,Gabor

featureextraction,trainingandapplicationsteps.

Thestepsexcludingapplicationsteparerepeated

severaltimesasthetrainingimages.

3.1 Preprocessing

Histogram equalizationenhancesthecontrastof

imagesbytransformingthevaluesinanintensity

image, so that the histogram of the output

approximatelymatchesaspecifiedhistogram.Stick

filtering filters to reduce the speckle noise.

Morphologicalfilteringisusedtosmooth filtered

imageandenhancedcontrastnearedges.Finalstep
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getsbackgroundandprobewhichwillbeusedtobe

excludedfortraining.

Histogram equalizationconsidersadiscretegray

scale image,x,and lets n ibe the numberof

occurrencesofgraylevel,i.Theprobabilityofan

occurrenceofapixellevel,iintheimageis

       


 ≤  

Here,Listhetotalnumberofgraylevelsinthe

image,nisthetotalnumberofpixelsintheimage,

andpx(i)isinfacttheimage’shistogram forpixel

valuei.Thestickfilteringalgorithm challengesthe

problem offilteringspeckleinUSimageswithout

losingedgedetail.Thestickfilterdeterminesthe

meanofneighboringpixelsinthedirectionofthe

stick–themostlikelydirectionofthelinearfeature

passingthrough(x,y).Ifnisthestick’slength,

thereare2*n-2 possibleorientations.Weuse5

lengthpixelsasfig.3.

Fig.3.Stickfiltersoffivelengthpixels

Inmorphologicalfiltering,thetop-hatandbottom

transformationareappliedonoutputofstickfilter

(Fs)withusinganordinaryneighborhoodwindow.

Weuseadiskwithradius3intop-hat,bottom-hat

transformation.

Ht= top− hat(Fs)

Hb= bot– hat(Fs)

Fp= Fs+ Ht− Hb

Htisthetop-hatand Hb isthebottom-hat

transformationandFpisthepreprocessedimage.

Wegetbackgroundandprobe,andthenexclude

them instepoftraining.Generallythebackground

isblack andisapparentlyunusableregion.The

probewhichisgenerallyanexploringneedleinfig.

1,butisahalfcircleshapedblackregionthatis

uselessregionaswell.

3.2ExtractingGabortexturefeatures

Gaborfilterbankisobtainedbythedilationand

rotationofthemotherfunction.Here,weusethat

totalnumbersoftheorientationsareK=4,thescale

numbersofthescalesareS=2.Sothebasicrotation

andscalefactorsareψ=π/K anda=(Uh/Ul)1/S-1

respectively. Uh and Ul are parameters that

determinethefrequencyrangeoftheGaborfilter

bank.WeuseUh=0.1andUl=0.025.Usingthe

scale variables and the rotation variables,the

(s,k)thGaborfilteris

gs,k(x,y)=
a
s
g(a

s
(xcos(kψ)+ysin(kψ))as(-xsin(kψ)+ycos(k

ψ)))

The Gabor filter bank has two important

properties,thefrequencyspectrumofthefilterbank

hasamultiscaleandmultiorientationstructureand

eachfiltercanbeseparatedintotwoparts,i.e.,the

realpartandtheimaginarypart.Therealpartis

regardedasasmoothfilterandtheimaginarypart

isdoneasanedgedetectionfilter.UsingGabor

filterbankoffersthreeadvantages.First,itcan

smooth the image and remove speckle noises.

Second,themultiscalestructureenableshierarchical

implementation. Third, the multiorientation

structureenablestheextractionsofedgedirection,

edgestrengthandrotation-invariantfeatures.Fig.4

shows2D Gaborfilterbankusedintheproposed

method.FirstrowsareS=1andsecondrowsare

S=2.FirstcolumnsareK=1,secondonesareK=2,

thirdonesareK=3,andlastonesareK=4.
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Fig.4.2DGaborfilterbanks

Allthefeaturesaretheimaginaryparts.The

valuesofthefeaturesarenormalizedto0-255for

displaypurposes.Here,itcan useanumberof

orientationsandscales,buttheycangeneratetons

ofdata.Also,itcan use the realpartGabor

features.Sothepropernegotiationisneeded.Inthis

paper,weuse8Gabortexturefeaturesperpixel

whichconsistofK=4,S=2andtheimaginarypart

Gaborfeatures.

3.3TrainingtheGaborfeatures

Each pixelshould beclassified toprostateor

nonprostatewhethereach pixelbelongstowhich

regionusingSVM.Toclassifytheregion,thehuman

expertisneeded.Theinnerpartofthecontours

drawnbytheexpertisprostateandtheoutsideof

thecontoursisnonprostate.Thepixelsaroundthe

contouracquiredfrom theexpertandtheuseless

regionareexcludedinthetrainingprocess.Whythe

pixelsaroundthecontourareexcludedisthatthey

don’thaveclassifiablefeaturescomparingtoother

regions.Next,eachpixelhas8Gaborfeatureswhich

willbetrainedandhavethefollowinginputformat.

-11:33.248316 2:34.518724 3:19.255745

4:4.296715 5:33.996764 6:35.103513

7:19.049476 8:3.813344

11:-5.961116 2:-1.852036 3:2.131680

4:4.366701 5:-6.335777 6:-1.963415

7:1.260157 8:3.865562

Firstcolumns,-1and1meannonprostateand

prostate,respectively.Thenumbersfrom 1to8

meaneachpixel’sGaborfeatureordersthatthefirst

4features(1-4)areS=1andK=1,2,3,and4,and

thenext4ones(5-8)areS=2andK=1,2,3,and

4,intheordernamed.Therealnumbersarethe

valuesofGabortexturefeature.Aftertrainingthe

features,anumberofsupportvectorsand their

coefficientsareacquired.

3.4 Dividing the pixels to prostate and

nonprostate

Theinputformatforpredictingwhethereach

pixelbelongstoprostateornonprostateissameas

oneoftrainingstep.Buthereallthepixelsare

testedwithoutexcludinganypixel.Theresultsfrom

predictionhave-1or1,nonprostateorprostate,

respectively.Fig.5showsatestimageitslabels

whichtheblackonesarenonprostate,andthewhite

onesareprostate.

Fig.5.Atestimageanditspredictedlabels

Firstofall,wrongclassifiedpixelsareneededto

be excluded from the labels.The algorithm to

excludethenoisepixelsissimple.Thepixelsnot

includedinonebigwhitelabelandthepixelsnot

includedinonebigblacklabelmaybeonlyexcluded

asshownin(a)offig.6.Afterremovingnoises,the

contourhasroughlinearoundmeetingtheprostate

andnonprostate.Realprostateboundarydoesn’t

haveprotrusion,soprotrusionsneedtoberemoved.

Weuse7x7masktofindablockthatonesideis

opened and theotherthreesidesareclosed in

different sides. The result after removing the

protrusionsandsmoothingwithradius=30isshown

in(b)offig.6.
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Fig.6.(a)Labelsafterexcludingwrongclassifiedlabels
(b)Labelsafterremovingprotrusionandsmoothingwith

radius=30

3.5Smoothingthecontours

Inasimple2Dpointsetoracurvethepointsdo

nothavetolineinaspecificorder.Thecontour

smoothingisdoneby projecting allthecontour

pointsontothelocalregressionline.Foreachpoint,

N neighboringpointswhichlieonthecontourare

sampledoneachsideandalocalregressionlineis

computed.Thenthecurrentpointisprojectedon

thisline.Applyingthisalgorithm toallthepoints

smoothsthecontourandinawaybringsthepoints

closer. 2N+1 is the number of total points

contributing to the computation of the local

regressionline.Thehigherthenumberofpointis,

thesmootherthecurveis.Becauseofthelinear

nature offitting,when too much smoothing is

desired,someimportantfeaturessuchasprotrusions

may be loosed. This in a way is a wrong

over-smoothing.A waytobelesspronetosuch

errorsistouseGaussianweightedleastsquaresfit.

Todothis,thealgorithm isthefollowingandthe

labelsaftersmoothingwithradius= 30showsin

fig.6(b).

-Converts2Dcontourstochaincode,avectorfor

xpositionsandavectorforypositions.

-GetmaximumandminimumvaluesofX,Y.

-Forallthepoints,(Xi,Yi)withradius(=30or

20)

.get(radius*2+1)pointsinthemiddleofa

pointfrom thechaincode.

.computetheweightedorthogonalleastsquare

valueofthepoints

.projectpoint(Xi,Yi)onlocalregressionline

definedasthevalueandgetnewvalues,X2,

Y2

.X2,Y2valuesshouldbeinsideX,Y

-Newvalues,X2,Y2arethesmoothedcontours

Ⅳ.ExperimentandEvaluation

4.1Classifyingpixelsfromsupportvectors

SVM wasusedtopredictwhethereachpixelis

prostateornonprostateusingthetrainingmodel.

Fig.7showstestingimages,theirpredictinglabels,

andlabelsafterremovingtheislandlabels,which

thewhitelabelsarepredictedasprostateandthe

blacklabelsasnonprostate.Thereasonthewhite

labelsaredistributedintheblacklabelsiswhythe

texturefeaturesofthemaresimilar,soremovingthe

islandlabelsisneeded.

(a) (b) (c)
Fig.7.(a)Sampleimages(b)classifiedlabels(c)labels

afterremovingitheslands

4.2Objectiveandsubjectiveevaluations

The boundaries by human expert and the

proposedmethodareverysimilarbutnotsameinfig

8.Actually,evenhumanexpertshavedifferencesof

theirdrawnboundaries.Inthefigure,thesolidline

is the delineating boundaries by the proposed
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methodandthedashedlineisonebyhumanexpert.

For subjective comparison, we used difference

betweentwoboundaries.Inthispaper,wecanuse

radius=20or30,however,thefigureshowsradius

= 30.Thedifference(D)comesfrom thefollowing

equation.

D= count(forallpixelsE(x,y)andP(x,y),

labels(E(x,y)!= P(x,y)))/count(prostateofE)

Here,E meansexpert,P meanstheproposed

method.Table1showsD foreachtestingimage.

Althoughthedifferencebetweentheboundariesof

humanexpertandtheproposedmethodisbigger

thanothertestimages,Disnottoobigbecausethe

sizeoftheprostateisoccupyingthebigregion.The

value,0.095,meansthat 9.5% labelsarewrong

classified.Thewrongclassifiedlabelsaredistributed

ontheboundaryofprostateandnonprostate.

Fig.8.Delineatingboundariesbyexpert(dashedyellow
line)andtheproposedone(solidredline)

radius

testimages
20 30

image1 0.095 0.094

image2 0.093 0.092

image3 0.094 0.091

Table1.Differencesoftheboundariesbetween
humanexpertandtheproposedmethid

Ⅴ.ConclusionandFutureworks

This paper proposed a TRUS prostate

segmentationusingGabortexturefeatures,SVM,

andsnake-likecontoursmoothingalgorithm.Asthe

boundarybetweenprostateandnonprostateisnot

clearandeventhetexturesofthem arehardto

classify,especially for US prostate image.The

proposed method through these processing has

differenceabout9.3% comparedtohumanexpert’s

contours.Ourfuture studies is to improve the

computation time, to apply human expert’s

knowledge, and finally to implement 3D

segmentation.
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