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Abstract. Medicalimageanalysisusingdeeplearninghasrecentlybeen
prevalent,showinggreatperformanceforvariousdownstreamtasksin-
cluding medicalimagesegmentationanditssibling,volumetricimage
segmentation.Particularly,atypicalvolumetricsegmentationnetwork
stronglyreliesonavoxelgridrepresentationwhichtreatsvolumetricdata
asastackofindividualvoxel‘slices’,whichallowslearningtosegment
avoxelgridtobeasstraightforwardasextendingexistingimage-based
segmentationnetworkstothe3Ddomain.However,usingavoxelgridrep-
resentationrequiresalargememoryfootprint,expensivetest-timeandlim-
itingthescalabilityofthesolutions.Inthispaper,weproposePoint-Unet,
anovel methodthatincorporatestheefficiencyofdeeplearningwith3D
pointcloudsintovolumetricsegmentation.Ourkeyideaistofirstpredict
theregionsofinterestinthevolumebylearninganattentionalprobability
map,whichisthenusedforsamplingthevolumeintoasparsepointcloud
thatissubsequentlysegmentedusingapoint-basedneuralnetwork. We
haveconductedtheexperimentsonthe medicalvolumetricsegmentation
taskwithbothasmall-scaledatasetPancreasandlarge-scaledatasets
BraTS18,BraTS19,andBraTS20challenges.Acomprehensivebench-
markondifferent metricshasshownthatourcontext-awarePoint-Unet
robustlyoutperformstheSOTAvoxel-basednetworksatbothaccuracies,
memoryusageduringtraining,andtimeconsumptionduringtesting.Our
codeisavailableathttps://github.com/VinAIResearch/Point-Unet.

Keywords: VolumetricSegmentation·MedicalImageSegmentation ·
MedicalRepresentation ·PointCloud

1 Introduction

Medicalimagesegmentationhasplayedanimportantrolein medicalanalysis
andiswidelydevelopedfor manyclinicalapplications.Althoughdeeplearning
canachieveaccuracyclosetohumanperformanceformanycomputervisiontasks

https://github.com/VinAIResearch/Point-Unet
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Fig.1.(a):a2Dvoxelgridandasegmentationrenderedbyvolumerendering;(b):a
PCfromthegridandthepoint-basedsegmentationresults.

on2Dimages,itisstillchallengingandlimitedforapplyingtomedicalimaging
taskssuchasvolumetricsegmentation.Existingvoxel-basedneuralnetworksfor
volumetricsegmentationhaveprohibitivememoryrequirements:nnNet[12]uses
avolumepatchsizeof160×192×128,whichrequiresaGPUwith32GBof
memoryfortrainingtoachievethestate-of-the-artperformance[1].Tomitigate
highmemoryusage,somepreviousworkresorttoworkaroundssuchasusing
smallergridsize(e.g.,253and193inDeepMedic[22])forcomputation,resulting
indegradedperformance.

Inthiswork,weproposetoleveragethe3DPCrepresentationfortheproblem
ofmedicalvolumetricsegmentationasinspiredbyrecentsuccessin3Dpoint
cloud(PC)analysis[28,29,20,37,8].HavingaPCrepresentationisadvantageous
inthatwecanhavefine-grainedcontrolofthesegmentationquality,i.e.,to
samplethevolumeandfocuspointsattheimportantareas.PCsarealsosuitable
forcapturingglobalfeaturesthatarechallengingandcostlytohavewitha
regularvoxelgrid.AsummaryofthedifferencebetweenPCandvoxelgridon
anMRIimageisshowninFigure1.

Ourso-calledPoint-Unetisapoint-basedvolumetricsegmentationframework
withthreemainmodules:thesaliencyattention,thecontext-awaresampling,
andthepoint-basedsegmentationmodule.Thesaliencyattentionmoduletakes
avolumeasinputandpredictsanattentionalprobabilitymapthatguidesthe
context-awarepointsamplinginthesubsequentmoduletotransformthevolume
intoaPC.Thepoint-basedsegmentationmodulethenprocessesthePCsand
outputsthesegmentation,whichisfinallyfusedbacktothevolumetoobtain
thefinalsegmentationresults.

Insummary,ourmaincontributionsinthisworkare:(1)Point-Unet,anew
perspectiveandformulationtosolvemedicalvolumetricsegmentationusinga
PCrepresentation;(2)Asaliencyproposalnetworktoextractanattentional
probabilitymapwhichemphasizestheregionsofinterestsinavolume;(3)An
efficientcontext-awarepointsamplingmechanismforcapturingbetterlocal
dependencieswithinregionsofinterestwhilemaintainingglobalrelations;(4)A
comprehensivebenchmarkthatdemonstratestheadvantageofourpoint-based
methodoverotherSOTAvoxel-based3Dnetworksatbothaccuracies,memory
usageduringtraining,andinferencetime.
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2 Related Work

VolumetricSegmentation.Deeplearning-basedtechniques,especiallyCNNs,
haveshownexcellentperformanceinthevolumetricmedicalsegmentation.Early
methodsincludethestandardUnet[30],Vnet[24],andthenDeepMedic[22],
whichimprovesrobustnesswithmulti-scalesegmentation.Recently,byutilizing
hardnegativeminingtoachievethefinalvoxel-levelclassification,[16]improved
thepatch-basedCNNsperformance.KD-Net[7]fusedinformationfromdifferent
modalitiesthroughknowledgedistillation.Insteadofpickingthebestmodel
architecture,[5]ensembledmultiplemodelswhichweretrainedondifferent
datasetsordifferenthyper-parameters.ByextendingU-NetwithleakyReLU
activationsandinstancenormalization,nnNet[12]obtainedthesecond-best
performanceonBraTS18.aeUnet[25],thetop-performingmethodinBraTS18,
employedanadditionalbranchtoreconstructtheinputMRIontopofatraditional
encoder-decoder3DCNNarchitecture.ThetopperformanceofBraTS19is[14],
whichisatwo-stagecascadedU-Net.ThefirststagehadaU-Netarchitecture.In
thesecondstage,theoutputofthefirststagewasconcatenatedtotheoriginal
inputandfedtoasimilarencoder-decodertoobtainthefinalsegmentation.
PointCloudSegmentation.In3Ddeeplearning,thesemanticsegmentation
taskcanbesolvedbydirectlyanalyzingPCsdata.Manypoint-basedtechniques
havebeenrecentlydevelopedforPCsemanticsegmentation[28,18,8].Point-
Net[28]usedMLPstolearntherepresentationofeachpoint,whereastheglobal
representationwasextractedbyapplyingasymmetricfunctionlikemaxpooling
ontheper-pointfeatures.PointNet++[29]wasthendevelopedtoaddressthelack
oflocalfeaturesbyusingahierarchyofPointNetitselftocapturelocalgeometric
featuresinalocalpointneighborhood.PointCNN[20]usedaX-transformationto
learnfeaturesfromunstructuredPCs.Inordertoextractricheredgefeatures[18]
proposedSuperPointGraphwhereeachsuperpointwasembeddedinaPointNet
andthenrefinedbyRNNs.Inspiredbytheideaoftheattentionmechanism,[36]
proposedagraph-basedconvolutionwithattentiontocapturethestructural
featuresofPCswhileavoidingfeaturecontaminationbetweenobjects.Recently,
RandLA-Net[8]hasachievedSOTAperformanceonsemanticsegmentationof
largepointcloudsbyleveragingrandomsamplingatinference.Inthiswork,we
aimtobringtheefficiencyofdeeplearningwithpointcloudsintovolumetric
segmentationformedical3Ddata.

3 ProposedPoint-Unet

OurproposedPoint-Unetforvolumetricsegmentationcontainsthreemodules
i.e.,tosaliencyattentionmodule,context-awaresamplingandpoint-basedseg-
mentationmodule.TheoverallarchitectureisgiveninFig.2.

3.1 SaliencyAttention

Oursaliencyattentionnetworkisleveragedby[3,41],anddesignedascontextual
pyramidtocapturemulti-scalewithmulti-receptive-fieldathigh-levelfeatures.
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Fig.2.Point-Unettakesavolumeasinputandconsistsof3modules:saliencyattention
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Fig.3.Ourproposedsaliencyattentionnetwork.

ThenetworkisillustratedinFig.3andcontainstwohigh-levellayersandtwo
low-levellayers.Atthehigh-levelfeatures,weadoptatrousconvolutionwith
differentdilationratessetto1,2,and3tocapturemultireceptivefieldcontext
information.Thefeaturemapsfromdifferentatrouslayersarethencombinedby
concatenationwhilethesmalleronesareupsampledtothelargestone.Then,we
combinethembycrosschannelconcatenationandchannel-wiseattention(SCA)
[3]astheoutputofthehigh-levelfeatureextraction.Atthelow-levelfeatures,
weapplySCA[3]tocombinetwolow-levelfeaturesmapsafterupsamplingthe
smallerones.Thehigh-levelfeatureisthenupsampledandcombinedwiththe
low-levelfeaturetoformafeaturemapatoriginalresolution.

3.2 Context-awareSampling

Randomsampling(RS)usedintheoriginalRandLA-Net[8]hasbeensuccessfully
appliedinto3Dshapes,butitisnotagoodsamplingtechniqueformedical
volumetricdatabecauseoffollowingreasons:(i)thereisnomechanisminRSto
handleintra-imbalance;(ii)topologicalstructureisimportantinmedicalanalysis
butthereisnoattentionmechanisminRStofocusontheobjectboundarywhich
areveryweakinmedicalimages;(iii)RSsamplespointsalloverthedataspace,
itmayskipsmallobjectswhileobjectsofinterestinmedicalarerelativelysmall;
(iv)volumetricdataislargeandRSrequiresrunninginferencemultipletimes
whichistimeconsuming.
Ourcontext-awaresamplingisdesignedtotakeallsuchlimitationsinto

account.Herethemainconceptualdifferencesarethatoursamplingisasingle
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Fig.4.OurproposedPoint-Unetsegmentationonvolumetricdata.

passandoursamplingonlysamplesi.e.,itisnecessaryjusttosamplethevolume
andperformtheinferenceonce.Ourcontext-awaresamplingisasfollows.Firstly,
wesamplethepointsidentifiedbytheattentionalprobabilitymapobtainedby
thesaliencyattentionmodule.Onthesalientregionwheretheprobabilitiesare
higher,wedenselysamplepointstobetterlearncontextuallocalrepresentation.
Inthenon-salientregion,weapplyrandomsamplingtokeepglobalrelations.By
doingthat,ourcontext-awaresamplingcancapturebetterlocaldependencies
withinregionsofinterestwhilemaintainingglobalrelations.

3.3 Point-basedSegmentation

Givenavolumetricdata,wefirstsampleaPCbySubsection3.2.Ourpoint-based
segmentationdepartsfromtheoriginaldesignofRandLA-Net[8]inthatwe
introduceacontext-awaresamplingtechniqueforeffectivelysamplingPCsfroma
volume. WealsoredesignRandLA-NetunderUnetarchitecture[30]togetherwith
anappropriatelosstobetterfitthetaskofmedicalvolumetricsegmentation.The
architectureoftheproposedpoint-basedsegmentationnetworkisillustratedin
Fig.4.OurnetworktakesNpointsasitsinput{pi}

N
i=1,eachpointpi={x

i,fi}
wherexiisatupleofcoordinatesinsagittal,coronal,transverseplanesandfi

isatupleofpointfeaturesincludingpointintensityinT1,T2,Tce,andFlair
modalities.
TheinputPCisfirstprocessedthroughencoderpath,whichcontainsse-

quencesDilatedResidualBlock(DRB)anddownsampling.EachDRBincludes
multipleunitsofmulti-layerperceptrons(MLP),localspatialencodingand
attentivepoolingstacksandtheDRBsareconnectedthroughskip-connectionsas
proposedinRandLA-Net[8].Theoutputoftheencoderpathisthenprocessed
throughthedecoderpath,whichconsistsofasequenceofMLPandupsampling.
Thenetworkalsomakesuseoftheskipconnectionwhileupsamplingtolearnfea-
turerepresentationatmulti-scale.Finally,thedecoderoutputispassedthrough
threefullyconnectedlayerswithdrop-outregularization.
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Table1.ComparisononBraTS18.Thebest,secondbestandthirdbestarehighlighted.

BraTS18 Offline validationset Online validationset

Methods Dicescore↑ HD95↓ Methods Dicescore↑ HD95↓
ET/WT/TC AVG AVG ET/WT/TC AVG AVG

3DUnet[15] 66.82/81.19/77.58 75.20 9.32 3DUnet[35] 72.05/84.24/76.41 77.56 17.83

3DUNet[11]68.43/89.91/86.77 81.70 5.33 KD-Net[7] 71.67/81.45/76.98 76.70 —–

h-Dense[19] 70.69/89.51/82.76 80.99 6.41 DenseNet[39] 80.00/90.00/82.00 84.00 —–

DMF[2] 76.35/89.09/82.70 82.71 —– aeUnet[25]2 81.45/90.42/85.9685.94 5.52

aeUnet[25] 75.31/85.69/81.98 80.99 8.64 aeUnet[25]1 72.60/85.02/77.33 78.32 18.58

S3D[4] 73.95/88.81/84.42 82.39 5.40 S3D[4] 74.93/89.35/83.09 82.56 5.63

nnNet[12] 76.65/81.57/84.21 80.81 12.59 nnNet[12]2 79.59/90.80/84.3284.90 5.36

KaoNet[16] 73.50/90.20/81.30 81.67 5.92 nnNet[12]1 75.01/82.23/81.84 79.69 7.14

RandLA[8] 70.05/88.13/80.32 79.50 6.36 RandLA[8] 73.05/87.30/76.94 79.10 5.79

Ours 80.76/90.55/87.0986.13 6.01 Ours 80.97/90.50/84.11 85.19 6.30

FarapartfromRandLA-Net[8]and mostexistingsegmentationnetworks,
whichusethecross-entropy(CE)loss,weutilizeGeneralizedDiceLoss(GDL)
[32]fortraining.GDL[32]hasbeenproventobeefficientatdealingwithdata
imbalanceproblemsthatoftenoccurin medicalimagesegmentation. GDLis

computedasGDL =1−2 l=1 wl n rlnpln

l=1 wl n (rln+pln)
wherewl= 1

N
n rln

isusedto

provideinvariancetodifferentlabelsetproperties.Risgoldstandardwithvalue
atvoxelnthdenotedasrn.P thepredictedsegmentation mapwithvalueat
voxelnthdenotedaspn.Forclassl,thegroundtruthandpredictedlabelsarerln

andpln.

4 Experimental Results

Weevaluateour methodandcomparetothestate-of-the-art methodsontwo
datasets:PancreasandBraTS.Pancreas[31]contains82abdominalcontrast
enhanced3DCTscans.TheCTscanshaveresolutionsof512x512pixelswith
varyingpixelsizesandslicethicknessbetween1.5–2.5mm.BraTS[23]consistsof
alarge-scalebraintumordataset.Thetrainingsetincludes285/335/369patients
andvalidationsetcontains66/125/125patientsinBraTS18/BraTS19/BraTS20.
Eachimageisregisteredtoacommonspace,sampledtoanisotropicwithskull-
strippedandhasadimensionof240×240×155.Forpointsamplinginour
trainingandinference,wesample180,000pointsinPancreas,and350,000points
inBraTS.

1 Reproducetheresultsonthenetworktrained with100epochs.
2 Theresultsreportedinthepaper.
3 Wechoosethe model withassimilarbatchsizeasours.
4 Wechoosesingle model with190epoches,stage1. Thebest modelat Brats2020
5 Thefirstplaceof BraTS19. Wechoosethe Ensembleof5-fold
6 Thesecondplaceon BraTS19
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Table2.ComparisononBraTS19.Thebest,secondbestandthirdbestarehighlighted.

BraTS19 Offlinevalidationset Onlinevalidationset

Methods Dicescore↑ HD95↓ Methods Dicescore↑ HD95↓
ET/WT/TC AVG AVG ET/WT/TC AVG AVG

3DUnet[15]67.74/80.17/78.9275.61 11.69 3DUnet[35] 64.26/79.65/72.0772.00 23.68

nnNet[12] 79.46/81.13/87.0882.67 6.75 nnNet[12]1 70.42/81.53/78.2276.72 8.30

aeUnet[25]80.55/86.26/85.7884.19 10.94 aeUnet[25]1 64.81/83.02/74.4874.10 21.75

HNF[13] 80.96/91.12/86.4086.16 —– HNF[13] 81.16/91.12/84.5285.60 3.81

N3D[34] 83.0/91.60/88.8087.35 3.58 Synth[6] 76.65/89.65/79.0181.77 5.75

2stage[14]5 79.67/90.80/85.8985.45 3.74

3Unet[34] 73.70/89.40/80.7081.27 5.84

3DSe[26] 80.00/89.40/83.4084.27 4.91

Bag-trick[42]6 70.20/88.30/80.0079.50 4.93

RandLA[8] 76.68/89.01/84.8183.50 4.45 RandLA[8] 70.77/86.95/74.2770.77 7.09

Ours 85.67/91.18/90.1088.98 4.92 Ours 79.01/87.63/79.7082.11 10.39

Table3.ComparisononBraTS20.Thebest,secondbestandthirdbestarehighlighted.

BraTS20 Offlinevalidationset Onlinevalidationset

Methods Dicescore↑ HD95↓ Methods Dicescore↑ HD95↓
ET/WT/TC AVG AVG ET/WT/TC AVG AVG

3DUnet[15]66.92/82.86/72.98 74.25 30.19 3DUNet[35]67.66/87.35/79.3078.10 21.16

nnNet[12] 73.64/80.99/81.60 78.7414.33 nnNet[12]1 68.69/81.34/78.0678.03 24.30

aeUnet[25]71.31/84.72/79.0278.35 15.43 nnUNet[10]377.67/90.60/84.2684.18 15.30

aeNet[25]1 64.00/83.16/74.6673.95 33.91

Cascade[21]4 78.81/89.92/82.0683.60 12.00

KiUNet[33] 73.21/87.60/73.9278.24 8.38

RandLA[8] 67.40/87.74/76.85 77.33 7.03 RandLA[8] 66.31/88.01/77.0377.17 16.65

Ours 76.43/89.67/82.9783.02 8.26 Ours 78.98/89.71/82.7583.81 11.73

EvaluationSetup:Foreachdataset,weexperimentonbothofflinevalidation
setandonlinevalidationset.Theevaluationontheofflinevalidationsetis
conductedlocallybypartitioningthetrainingsetintotrainingsubset(80%)
andevaluationsubset(20%). WetrainthenetworkonTensorFlowempowered
byTensorpack[9]tospeedupthetraining. WeuseMomentumoptimizerwith
momentumvalue0.9,learningrate0.01withdecay,andbatchsize2.Themodel
istrainedonanNVIDIATeslaV10032GBGPUfor100epochs.ForBraTS,we
compareourmethodwithSOTAvoxel-basedresults,andwithRandLA-Net[8],
theSOTApoint-basedsegmentationmethod.Notethatourevaluationisdone
onvolumeasourpoint-basedsegmentationresultscanbetransferreddirectlyto
thevolumewithoutfurtherprocessingthankstooursamplingscheme.
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Table4.DicescorecomparisononPancreasdataset.

Method Average↑ Method Average↑

Oktayetal.[27] 83.10±3.80 Yuetal.[40] 84.50±4.97

Zhuetal[43] 84.59±4.86 Ours 85.68±5.96

(a)

Networks Patchsize Memory↓Inference↓

3DUnet
baseline
[15]

128×128×128 8.75GB 7.80s
160×192×128 16.70GB 0.28s
240×240×144 32.00GB 0.23s

nnNet
[12]

128×128×128 7.20GB 55.30s
160×192×128 11.10GB 26.50s
240×240×144 21.70GB 2.30s

aeUnet
[25]

128×128×128 17.21GB 110.40s
160×192×128 31.42GB 78.80s
240×240×144>48.00GB 7.10s

RandLA[8]240×240×155 15.98GB 8.00s

(Ours) 240×240×155 17.22GB 1.24s

(b)

Fig.5.Performanceanalysis.(a) Withasingleinference,ourPoint-Unetoutperforms
RandLA-Net,whichrequiresmultipleiterationsatinference.(b)Memoryrequirement
fortrainingwithbatchsize1andinferencetimewithdifferencevolumepatchsizes.

Evaluation Results: TheevaluationonBratsisgiveninTables1,2,3for
BraTS2018,BraTS2019,andBraTS2020,respectively. Whereastheevaluation
onPancreasisgiveninTable4.OnBrats,therearetwogroupsofmethods
correspondingtoSOTAvoxel-basedandpoint-basedreportedineachtable.
WhileourPoint-Unetachiveseitherbetterorcompetitiveperformancecompared
toSOTAvoxel-basedmethods,itisbetterthanSOTApoint-basedmethod
(RandLA-Net)atbothDicescoreandHD95.FornnNet[12]andaeNet[25],we
trainandreproducetheresutls.Itshowsthatthereproducedresultsarealways
lowerthantheonesreportedwhichwerepostprocessed. Withoutpostprocessing,
ourresultsoutperformsbothnnNet[12]andaeNet[25].Inotherwords,our
Point-UnetobtainsSOTAperformanceonbothofflinevalidationsetandonline
validationsetwithoutpostprocessing.Notonlyonthelarge-scaledatasetsuchas
Brats,ourPoint-UnetalsoobtainstheSOTAperformanceonsmall-scaledataset
suchasPancreasasshownTable4.

Pleasealsorefertothesupplementary materialforfullcomparisonson
Pancreas,anablationstudyofournetwork,andotherimplementationdetails.

Performance Analysis:Fig.5(a)showsthecomparisonbetweenourPoint-
UnetagainstRandLA-Net[8]intermsofthenumberofiterationsperformed
duringinference.TheexperimentisconductedonBraTS20offlinevalidationset.
TheperformanceofRandLA-NetwithRSstrategyhighlydependonthenumber
ofiterations.ItreachesthebestperformancewhenRScoverstheentirevolume,
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whichrequiresuptoeightiterations.Byusingcontext-awaresampling,ourPC
coversregionsofinterestinjustasingleiterationwhileoutperformingRandLA-
Net.Figure5(b)providesthememoryrequirementduringtrainingwithbatch
sizesetto1ondifferentinputvolumepatchsizes. Wealsomeasureinferencetime
bythreerunsandthentaketheaverages.Ingeneral,forvoxel-basednetworks,a
smallerpatchsizerequireslessmemoryduringtrainingbutittakesmoretime
atinference.Bycontrast,point-basednetworksincludingourPoint-Unetand
RandLA-Net[8]requiremuchlessmemorytohandletheentirevolumewhile
keepingtheinferencetimeplausible.

5 Conclusion

Inthiswork,weintroducedPoint-Unet,apoint-basedframeworkforvolumetric
segmentation. Wetestedourframeworkontheproblemofbraintumorand
pancreassegmentationandshowedthatourpoint-basedneuralsegmentation
isrobust,scalable,andmoreaccuratethanexistingvoxel-basedsegmentation
methods.Futureinvestigationsmightaimforbettertechniquesforvolume-
pointsamplingandlabelreconstruction.Techniquesforsegmentationboundary
adaptivesampling[17]andattention-basedconvolution[38]arealsopotential
extensionsforperformanceimprovement.

Acknowledgment:ThismaterialisbaseduponworksupportedbytheNational
ScienceFoundationunderAwardNo.OIA-1946391.

Disclaimer:Anyopinions,findings,andconclusionsorrecommendationsex-
pressedinthismaterialarethoseoftheauthor(s)anddonotnecessarilyreflect
theviewsoftheNationalScienceFoundation.
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