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Abstract;Automaticrecognitionofanatomicalstructuresisanessential prerequisite incomputeraideddiagnoses 

(CAD)such as tissuesegmentation,physiological signalmeasurement and diseaseclassification. 

However,insufficient colorand speckleinformationinmedicalimagesposechallengestothe recognition 

ofanatomicalstructures.Suchchallengesare evident with prostate  recognitionon magnetic  resonance 

(MR)images andthusremain anopen problem,although prostatecancerisanimportantproblem thatareattracting 

increasing interestsinmedicalimaging.Inthisstudy,we proposeanautomaticapproachforprostaterecognition on 

MRimages.Firstly,compared toexistingworkswhich integrateautoencoderwithaspecifictypeofclassifier,welet 

autoencoderitselfserveasaclassifierandthereforelessening 

theimpactfromirregularandcomplexbackgroundfoundin prostaterecognition. Secondly,animageenergy 

minimizationschemewithconsideration ofthecoherence information fromneighboringpixelsisproposedtoimprove 

therecognitionresultswithclearboundaryappearance.We evaluateour 

methodincomparisonwiththreewidelyapplied classifiersandthephaseofatlas-basedseeds-selection in 

prostatesegmentation onapublicprostatedatabase.Our experimentresults demonstratesignificantsuperiorityofour 

methodintermsofbothprecisionandF-measure. 

IndexTerms—prostaterecognition,autoencoder,deep learning,classification 

 

I. Introduction 
Therecognitionandlocalizationofanatomicalstructuresaretheprerequisiteformanysubsequentimageproces

singproceduressuchassegmentationandclassification[1].Itposesachallengingtaskbecauseoftheinsufficient color 

informationofpixelsandlowsignal-to-noiseratioinmedical images [2].Previous workshavebeen proposed totackle 

anatomical structurerecognition problemsbasedon handcrafted features,such assteerablefeature,onawide 

arrayofimagingmodalities,e.g.,ileocecalvalves[3],polyps [4],andlivers[5]inabdominal CT,andheart chambersin 

ultrasound[6].However,toourbestknowledge,noworkhas beendoneonprostaterecognition inMRimages,although 

prostatecanceraccountsforthesecondhighestmortalityrateamong varioustypes ofcancer onmales [7]and 

MRimagesproveeffectiveforprostatediagnosesandtreatments[8].Inadditiontotheinsufficientcolorandspeckleinfor

mation,MRimageartifacts,suchaslowcontrastandblurredtissueboundary,makeitevenmoredifficulttoaccuratelyloca

tetheprostate.Manyprostatesegmentationapproaches,e.g.,[9,10]areoftenlimitedbytherecognitiontechniquesinprost

ateimaging,asaccuratesegmentationoftenrequiresapproximatelocalizationoftheprostateobjectasinitialization.Toad

dressthischallenge,conventionalprostatesegmentationsrelyonsemiautomaticmethodstherebybeingdependentonthe

user[2,11,12].Alternativeapproachesexploretheuseofanimageatlastodefinetheforeground/backgroundseedsinpros

tatesegmentation[9,10].However, asnotedinpriorstudies[8],reliance onatlas are stillproneto generatingerrors. 

Whiletheabovehandcrafted-feature-based anatomical structurerecognitionmethods[3-6]aretechnically sound, 

onemajor drawbackisthattheselow-level featuresmayfail to describecomplexanatomicalstructure [13-

16],andhenceitdampenstherecognitionperformancedemonstratedbytheexperimentresultsofourwork(Section3.2)a

ndconsistentto[1,17,18].Recently,autoencoder(AE)hasbeenproventoeffectivelyextracthighlevelfeaturesfrominpu

tdatafor (patch-based)imageclassifications [14,15],object detections[19],anddiseasediagnosis[13,20].Itlearnsa 

setofencodingweightstoconstructacodevectorasthefeatureofinputdata,andthenlearnsanothersetofdecodingweights 

tomapthecodevectorintoanapproximatereconstructionfor theinputdata.Although AEcanlearnhigh-level features 

directly fromthepixelintensityvalues,foritsapplicationto medicalimages,itmaybeinsufficient forlatertissue 

recognition orclassificationfrom theexperiment resultsof existingworks[13,15],especially forthelow-contrast 

imagesorblurredtissueboundaries.Inthispaper,tosolvethese issues,wepropose anovel prostate 

recognitionmethodonMR imagesbycombining handcraftedfeatures with AE. Our work  has two 

majorcontributions. Firstly,differentfromthemostworkswhichembedaclassifieronthetopofthehiddenlayerinAE[13, 

15,19,20],weproposeanovelmethodtocomputeprostaterecognitionmapthroughtakingadvantageoffavorablecapabil

ityofdatareconstruction[21]fromAE.Secondly,wedesignanimageenergyminimizationschemetogener
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strongerprostaterecognitionmapwithconsideration ofthe relationshipamongneighboringpixels. 

 

II. Methods 
Ourmethodconsistsoftwostages.Inthefirststage,earlyfeaturedescriptorsfortheprostateareproposedtoconst

ructthetraininginputsforourproposedclassifierbasedontheAEframeworkasshowninFig.1(ab);theprobabilityofapix

el belongingtotheprostatecanbeapproximatedbyourtrainedstackedautoencoder(SAE)classifierasshowninFig.1(c). 

Inthesecondstage,wepropose anewenergyminimization schemetooptimizetheroughprobability mapofprostate 

fromtheoutputoffirststageasdescribedinFig.1(d). 

 

 
Fig. 1Pipeline of ourmethod.(a)Earlyfeature extraction.(b) Superpixelreconstructionvia proposed 

prostateAEmodel.(c) Superpixelclassification.(d)Refinement. 

 

2.1.Earlyfeaturedescriptors 

Insteadofmerely usingthepixelintensityvalues,weadopt twoearlyfeatures,i.e.theintensity descriptorandtheposition 

descriptor,whichreflectsmostcriticalinformationaboutpixelvalueandspatialinformation.Thesetwodescriptorsareth

einputsfortheAE.Inthiswork,weusesuperpixelastheatomichomogenousregioninfurtheroperationstoboostperforma

nceinrecognitionaroundtissueboundaries[22].Formally,animageI∈Rm×nissegmentedintoNsuperpixelsviatheSLI

C algorithm[23].We denotea superpixelasP.Assuggestedin[24],thesuperpixelisfirst 1,2},wherec1andc2arethetop-

leftcoordinateandbottom- right coordinate  ofC(P)in imageI∈Rm×n  respectively. αv,1 andαv,2 arethevaluesofcv 

correspondingtox-axisand y-axisrespectively.ThepositiondescriptorPOS(P)∈R4×1 vectorf 

(P)isthenderivedforPasfollows 
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2.2.Prostatestackedautoencodermodel 
Afterobtainingtheearlyfeaturevectorsofprostatesuperpixels,wecanbuildaSAE[13]toextracthighlevelfeat

uresandperformreconstruction ofinputforlater classification. Whilemostworks[13,15]trainAEbyboth 

positiveandnegative samples, thetraining setinourwork consistsof  only  positive samples,  which focuseson the 

prostatefeatureextractionandthuslessenstheimpactsbythe irregularandcomplex backgroundthatmayimpedefeature 

extraction.TotrainasinglehiddenlayeredprostateAE,atrainingsetF={f(Pi):i=1,…,K}containingKearlyfeaturevector

sofprostatesuperpixelsareinputtotheAEnetwork.Theinputvectorf(Pi)istransformedintoahiddenfeaturerepresentati

onai  by an activation functiong(∙)  with the followingformula: 

 

ai(f(Pi);θ
(1))=g(W(1)f(Pi)+ b(1))             (3) 

where θ(1) istheparametervectorincludingweightmatrix W(1)andbiastermb(1);asacommonpractice,weusethe 

sigmoid    function   g(ϕ)=1/(1+ exp(−ϕ))as    the activation function.Adecoderthenmapsthehiddenfeature 

 

f̂(P)(a;θ(2))=g(W(2)a +b(2)) 

 

(4) 

 
 

Wefurtherconstruct SAE[19,21]tolearn highly nonlinearandcomplexpatterns,andperform feature 

presentationintheinputimages.AsshowninFig.2,inaSAE structure,theearlyfeaturevectorisinputtothefirst(bottom) 

AE,thehiddennodesofwhichareconcatenated asanew featurevectortothesubsequent (higher-level)AE.The greedy 

layer-wisealgorithm isadoptedtoobtainthe correspondingparameterθ(l) of thel-thlayer, and  back- 

propagationisthenappliedagaintotunetheparametersofall layersatonetime.Typicallyinourwork,westackthreeAEs 

toconstruct theprostateSAEmodelandhenceobtaina totallysixlayer networkincludingthreeencodinglayersand 

threedecodinglayers(Fig. 2). 

 
Fig.2ArchitectureoftheproposedSAE.Theoutputofeachlayeistheinputforitssubsequentlayer.Theoutputofthelastlay

er is a reconstructionforinputdata. 

 

2.3.Superpixelclassification 

WiththetrainedprostateSAEmodel,thesuperpixelsoftheinputimagecanthusbeclassifiedforprostaterecognition.Asth

eSAEmodelislearnedfromthesetofprostatesuperpixels(positivesamples),theunlabelledsuperpixelsbelongingtopros

tatehavelowreconstructionerrors,whilethosebelongingtobackgroundhavehighreconstructionerrors.Hence, 

weusethereconstructionerrortomeasurethe probabilityDsp_AE(P)ofa superpixelP beingprostatetissue: 

 

Dsp_AE(P) =exp(−τ ×err(P))                 (8) 

 

whereτcontrolsthedistancebetweendifferentsuperpixel’s reconstructionerrors within an  image  and is set to 100 

empirically. 
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With calculatingDsp_AE    of all the superpixels  in an imageI∈Rm×n,wemayobtaina roughprostaterecognition 

map         DAE ={dAE
i ∈[0,1]:i=1,…,m× n}            after 

normalizationofDAE,asshowninthethirdcolumnofFig.3. 

 

2.4.Refinement 

TheroughprostaterecognitionmapDAE maygeneratewrong labelsofbackground 

neartheprostate,asitisalocal estimationwithoutconsidering thespatialandintensity coherenceamong 

superpixels.Inthissub-section, arefined prostaterecognitionmapwithbettersuppressedbackground, 

moresmoothinnerregionandclearboundary isgenerated basedonDAE. 

Givenaone-channelimageI,ourtaskinthisstageisto assignalabelOp ∈{0,1}toapixelptomeasurewhetherp 

belongstoforegroundornot.Forthesetofpixels’labelling O={Op:p∈I},thiscanbesolvedbyminimizingtheenergy 

function[26] 

 

E(O)=∑p∈IH(Op) 

 

Differentfromotherdeeplearningalgorithms (i.e. convolutionneural  network), AE is capableof not only 

intrinsicandlatentfeaturelearningforinputdata(3),butalso datareconstruction (4).Therefore,wecancalculatethe 

reconstruction errorsdefinedin(7)foreachsuperpixelina prostate MR image throughthefixedprostate SAEmodel. 

Specifically,withtheallparametersΙ={θ(l) :l=1,…,L} learnedinSAE,fora superpixelP, set 

 

f(P)(l+1) =g(W(l)f(P)(l)+ b(l))                 (6) 

 

wherelistheindexofnetworklayer.Weinitializethefirst stepoftheiterationf(P)(1)astheearlyfeaturevectorf(P)of the 

superpixelP. Then the reconstruction error ofP is calculatedbyf(P)andf(P)(L+1): 

+ξ∑                    
1              

⋅ T(O  ≠O )                  (9) 

1+√3(Ip−Iq)2 

 

 

whereYisasetofallpairsofneighboringpixels.H(Op)is thecostforassigninga labelOp toa pixelp.Wedirectlyuse 

local estimated recognition mapDAE  to approximate  the label-costofpixels.Specifically, 

H(Op)issettoDAE(p)if Op   is a background label and 1− DAE(p) if Op   is a  

foregroundlabel.Thesecondtermin(9)encouragesintensity andspatialcoherence by penalizing discontinuities[27] 

betweenneighboringpixels,withtheparameterξcontrolling thescaleofdiscontinuitypenalty. T(⋅)is1ifthecondition 

insidetheparenthesesistrueand0otherwise.Weadoptmaximumflowalgorithms[27]tominimize9)andgeneratethecorr

espondingprostaterecognitionmap 

Dmf .ThenthefinalprostaterecognitionmapD=(DAE  + Dmf)/2isformedtomeasuretheprobability ofeachpixel 

beingprostate. 

 

III. Experiments 
3.1.Experimentalsetup 

TheprostateMRImageSegmentation 2012(PROMISE12) database[28]isusedin thisstudy.Itcontains50cases,with 

eachcasecomposed of15to54prostatetransverseT2- weightedMRimages.Manualsegmentationareavailablefor 

eachcaseandusedasthe groundtruth. 

IntheprostateSAEmodel,the hyperparametersofeach sub-AE,i.e.thenumberofhiddennodesZ,andweightdecay 

parameterλ,arederivedempiricallyandlistedinTable1.As suggestedin[26],toachievebetterperformances, we 

computefiverecognition mapsusingfivesuperpixelscales with𝑁=200,250,300,350,400respectivelyinanimage. 

pixelsaroundtheboundaryofprostate.However,fromTable 

2,itcanbeseenthatourproposedrefinementimprovesall themethodsinprecisionandF-measure. 
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Fig.3Examplesof prostaterecognitionresultsby our method.Lefttoright:raw image,groundtruth,rough 

recognitionmapbythefirststage,andfinalrecognitionmap. 

 
Table2: PrecisionandF-measuresof ourmethodand comparisonmethods for prostate recognitionon PROMISE12 

database.Thebest resultsineachcolumn are showninbold. 

 

Then,welinearlycombinethefiverecognitionmapsasthe Precfinalrecognitionresult. 

Weperform10-foldcrossvalidationonthedataset.Foreachimage,wefirstresizeitto320∗320 pixels,andthen 

increaseitscontrastbymapping theintensity valuestonew values suchthat1% ofdataissaturated atlow andhigh 

intensities oftheimage[29]. Anatlas-basedseeds-selection insegmentation approach(RW)[9]andthreepopular 

classifiers, i.e.supportvectormachine(SVM)withradial basisfunction kernel,randomforest(RF),andnaiveBayes 

(NB),arechosenascomparisonmethods. 

 

3.2.Evaluation 

Weevaluatetherecognition performance usingprecision- recall(PR)curveandF-measure 

[20,26].BothTable2and Fig.4showsthatourmethodoutperformthefourcomparison methodsinterms ofboth 

PRcurveandF-measure. More specifically,evenourunrefinedresultsoutperform the refinedresultsofthecomparison 

methods inprecision. This ismainlyattributedtotheSAEforhigh-levelfeaturelearning anddatareconstruction, 

whilethecomparisonmethods recognizeprostatedirectly fromthelow-levelearly features. Fig.3qualitatively 

demonstratesthatourproposed refinementsignificantly contributestoforeground smoothnessand  

backgroundsuppression.The  refinement posesrelatively low effectaroundtheprostatewithblurred 

boundaryasillustratedinthesecondrowofFig.3.Thereason isthattheneighboring pixelsaroundtheboundary doesnot 

differentiatemuch,thuscausingalargepenaltyinthesecond term of(9),whichencourages toassignsamelabelstothese 

 
Fig.4PRcurvesof ourmethodandcomparisonmethodsfor prostaterecognitionon 

PROMISE12database.Therecognition resultsby comparisonmethodsarealsorefinedby ourproposed 

approachforbetterevaluation (solidlines). 
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IV. Conclusion 
WeproposeanautomaticprostaterecognitionmethodonMRimagesbasedonSAE.Comparedtothemostexisti

ngworks withAE,welettheSAEitself serveasaclassifiertofocus ontheprostatefeature extraction. Animageenergy 

minimization schemeisthenproposedtooptimizethe prostaterecognitionmapconstructedbySAE.Ourmethodis 

comparedagainstthreebenchmarkclassifiersandatlas-based seeds-selection approachonthePROMISE12 database, 

demonstratingsuperiorityinbothPRcurvesandF-measures. 
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