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ABSTRACT

Volumetricliversegmentationisaprerequisiteforlivertransplantationandradiationtherapyplanning.
Inthispaper,dilateddeepresidualnetwork(DDRN)hasbeenproposedforautomaticsegmentation
ofliverfromCTimages.ThecombinationofthreeparallelDDRNiscascadedwithfourthDDRN
inordertogetfinalresult.ThevolumetricCTdataof40subjectsbelongsto“CombinedHealthy
Abdominal Organ Segmentation” (CHAOS) challenge 2019 is utilized to evaluate the proposed
method.InputimageconvertedintothreeimagesusingwindowingrangesandfedtothreeDDRN.
TheoutputofthreeDDRNalongwithoriginalimagefedtothefourthDDRNasaninput.Theoutput
ofcascadednetworkiscomparedwiththethreeparallelDDRNindividually.Obtainedresultswere
quantitativelyevaluatedwithvariousevaluationparameters.Theresultsweresubmittedtoonline
evaluationsystem,andachievedaveragedicecoefficientis0.93±0.02;averagesymmetricsurface
distance(ASSD)is4.89±0.91.Inconclusion,obtainedresultsareprominentandconsistent.

KEywoRDS
Computed Tomography, Convolutional Neural Network, Dilated Deep Residual Network, Dilation, Dilation 
Convolution Filter, Semantic Segmentation, Windowing

INTRoDUCTIoN

Theliveristhelargestinternalorganinhumanbody,whichissituatedrightsideoftheabdominal
region. This organ performs the second-largest number of functions, such as detoxification of
chemicals,drugmetabolizationandbilesecretion(Glenissonetal.,2014;Thapa&Walia,2007).
AccordingtoWHO,about46%ofglobaldiseases,59%ofthemortalityisbecauseofchronicliver
diseases(WHO,2012).Liverdiseasesaremajormedicalproblemsandmortalityreached216,865or
2.44%ofthetotaldeathsinIndia(Asrani,Devarbhavi,Eaton,&Kamath,2019).

ThemostcommonlyComputedTomography(CT),Ultrasonography(US),Magneticresonance
imaging(MRI)areusedforearlyprognosisandanalysisofanatomicalabnormality.CThasoften
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favoredmodalityfortheidentificationofdifferentcancersbecauseitprovideshighcontrast,high-
resolutionandimageacquisitionisfastercomparedtoothermedicalimagingmodalities(Beutel,
Kundel,&VanMetter,2000).Liversegmentationhelpstheoncologisttomeasurethevolumeofthe
liverfrom3Dmedicalimagesinradiationdoseplanning.Livervolumeestimationisthemostdifficult
andchallengingtaskamongresearchers.Sinceliveranditsneighboringorganshaveapproximately
similargraylevelintensitysoitisdifficulttodelineatetheliverboundaryprecisely(Figure1(a))
andliverdividedintotwoparts(Figure1(b)).

Windowingisoneofthecontrastenhancementmethodswhichperformgraylevelslicingto
eachpixelinanimage.Amedicalexperthastosetthewindowsettingstoobservepathologywithin
animage.Eachwindowshowsadifferentappearanceintermsofvaryingcontrast.Windowingisa
subjectivematterwhichchangesfrompersontoperson.Thereforesameideaisusedwhiletraining
thenetworkarchitecturefordifferentwindowsanditsaggregation.Literatureshowsasingle-window
usedfortrainingthedeeplearningmodel,whichhaslimitedlearningcapability.Differentwindowing
representsan imageatvariousgray-levelquantizationanddilationconvolutionenhance learning
capabilityatvariousspatialresolutionofaninputimage.Theproposedmethodisanamalgamof
dilationconvolutionandwindowingmethodalongwithauniquenetworkconnection.

Convolutional neural network (CNN) is a combination of various building blocks such as
convolutionallayer,poolinglayerandfullyconnectedlayer(Li,Jia,&Hu,2015).TheCNNbecomes
dominantinsemanticsegmentationformedicalimageanalysis.Residualnetwork(Res-Net)isoneof
variantsofCNN.Ithelpstoincreasethedepthofnetworkalongwithlearnableparameterswithout
increasingthecomputationalcomplexity.Dilationconvolutionextractfeaturescorrespondtoadjacent
neighborpixelsandintervalneighborpixelsasperthedilationrate.

Inthispaper,weareproposingaCascadedDDRNfortheautomaticsegmentationofliver.Three
similarDDRNareconnectedinparallelandtrainedseparatelyfordifferentwindows.Theoutputs
ofthreeDDRNcombinedwithoriginalimageandfeedsthroughthefourthcascadedDDRN.All
DDRN have same architecture and learnable parameters. The proposed method achieved better
performancewhilecomparingitwithevaluationparameters.Thisnovelcascadingtechniqueisable
toremovefalse-positiveresultsfrompredictedmapsandachievedsubstantialAverageSymmetric
SurfaceDistance(ASSD),HausdorffDistance95(HD95)evaluationvalues.

Figure 1. Example of liver segmentation challenges (Axial View of 3D CT Scan) (a) Liver and heart intensity homogeneity highlighted 
by star (b) Liver divided into two parts highlighted by star
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BACKGRoUND

ManyresearchersfollowedDeepConvolutionalNeuralNetwork(DCNN)trendandutilizedCNN
basedmodelsformedicalimageapplicationssuchastheliverandlesionsegmentation.(Ben-Cohen,
Diamant,Klang,Amitai,&Greenspan,2016)proposedaFullyConvolutionalNetwork(FCN)based
algorithmforsemanticsegmentationof liverandprognosis inCT images. (Shelhamer,Long,&
Darrell,2017)developedFCNtrainedasend-to-end,pixel-to-pixelclassification.Itcanacceptrandom
sizeimagesasinputandproducefixed-sizeimageasoutput.TheVGG-16netwasveryappealing
becauseof itsuniformityof layers throughout thenetworkarchitecture(Simonyan&Zisserman,
2014).TheRes-netwasintroducedby(He,Zhang,Ren,&Sun,2016)reformulatingtheVGGnet
inordertodecreasecomplexity.Thesearethegoodclassificationnetworkproducedefficientresults
onnon-medicalimagedatasets.

(Lateef&Ruichek,2019)providedacomprehensivesurveyonsemanticsegmentationmethods
usingdeeplearningtechniquesandcategorizedastenclassesbasedonthearchitecture.Res-Netis
placedintheclassof“increaseresolutionfeatures”alongwithvarioustypesofconvolution.(Yu,
Koltun,&Funkhouser,2017)presentedmodulebasedondilatedconvolutionstoaggregatemulti-
scalecontextualinformation.Theyprovedthatdilatedconvolutionhelpintheexponentialexpansion
ofthereceptivefieldwithoutlossofresolutionorcoverage.(Xue,Antani,Long,Demner-Fushman,
&Thoma,2012)describethedifficultyofthewindowselectioninheadCTtoobserveintra-cranial
pathology.Theproposedalgorithmusestwoclassesofwindowsettingsanddiscusseshowwindow
settingcan influence theclassification results.U-net isoneof theend-to-endpipelineandmost
captivated network for medical image segmentation (Ronneberger, Fischer, & Brox, 2015). The
conventional techniquedependsonedgeenhancement techniquesandpost-processingoperations
(Mourya,Gogoi,&Handique,2020).Deeplearningtechniquebringsabreakthroughinthefieldof
semanticsegmentation,which,notrequiredfeatureextractionandfollowedbyclassification.The
U-NetmodificationtookplacefortheautomaticsegmentationofliverfromCTimage(GKMourya,
SPaul,AHandique,UBaid,PVDutande,n.d.).Thesemodifiednetworkstestedonsinglewindows
andperformancecomparedwiththecurrentstateoftheart.Volumetricliversegmentationremains
challengingamongscientistsandstillrequiresfurthermodificationinexistingtechniques(Conzeet
al.,2020).

METHoDoLoGy

Afterathoroughliteraturereview,wedevelopedanovelproceduretogethighlyoptimalresults.
TheproposedworkflowisdepictedinFigure2.Themethodologycontainsthreemajorsteps.The
firststepdealswithdatapreprocessingandpreparationfortheneuralnetworksegmentation.Ina
secondstep,cascadedDeepDilatedResidualNetworkforliversegmentationisdiscussed.Inthe
finalstep,evaluationparametersarecalculatedtochecktheperformanceofproposedmethodology.
TheproposedmethodimplementedonCHAOSchallengedatasetorganizedatISBI-2019(Bilicet
al.,2019;“CHAOS-Combined(CT-MR)HealthyAbdominalOrganSegmentation,”2019).The
datasetcontains40subjectsCTDICOM(DigitalImagingandCommunicationsinMedicine)with
physicalparameterssuchasImagedimension512x512,pixelspacing0.65mmto0.79mm,slice
thickness1.6to3.2mm.

Data Preprocessing
Thedatapreprocessingiscarriedoutinaslice-wisefashion.Windowingisapplicableforimagepixel
intensity,whichrepresents‘CTNumber.’Unsignedpixelintensityneedstoconvertinto‘CTNumber’
usingtheirslopeandinterceptvalue(equation-1),whichisstoredinDICOMheaderinformation.
WindowingclipstherangesofCTnumbers.InthispaperCTNumberwindowedintherange[-200,
400],[-150,250]and[-50,175]foreachslice.NormalizedslicefeedsthroughDDRN.
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Y U S I
CT n l intercept
= +*  (1)

WhereY
CT

=CTNumber,U
n

=unsignedintegervalueofthepixel, Sl =slope,

Iintercept =intercept.

Cascaded Deep Dilated Residual Network for Liver Segmentation
Network Architecture
TheproposedDDRNconsistsof13levelsinthenetwork.Eachlevelhasitsdistinguishingfeatures
(Figure4).ThelevelL0islikethefirsttwoconvolutionallayersofVGGnet.Itisimplementedto
gettheinitialfeaturemapsfromtheimage.LevelL1tolevelL4isanalogoustoRes-Netinwhich
skipconnectionisprovidedtoobtainadditionalinformationfrompreviouslayers.

Figure 2. Schematic representations of the proposed methodology

Figure 3. Three Types of residual connections used in proposed model (a) Direct Connection, (b) Projection Shortcut Connection, 
(c) Localization shortcut connection
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Thethreetypesofskipconnectionsareusedinthisnetwork.Eachskipconnectioncomprises
oftwoconvolutionblocksandoneskipconnection,asshowninFigure3,where x isinput,zis
outputandyistheintermediateoutputofthesecondconvolutionlayer.Inputxisconvolvedtwice
at3X3convolutiontoobtainy.

Figure 4. Proposed DDRN architecture
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Figure3(a)isarepresentationfordirectshortcutconnectionwhere x isforwardedandadded
toytofind z .Figure3(b)isarepresentationofaprojectionshortcutconnection,whereinputx
transformedinto ′x using1x1convolutionandstrideof2.Thistransformationisrequiredformatching
thedimensionwithintermediateoutputyfor.Projectionshortcutsareappliedwheretheoutputsize
isdecreased.Figure3(c)isarepresentationforthethirdtypeofskipconnectionknownaslocalization
shortcut.Localizationshortcut x istransformedinto x” using1X1convolutionswithdilationof
twoandfour(He&Sun,2016).

ThelevelL5toL8isuseddilatedresidualnetworkforremovinggriddingartifacts(Yuetal.,
2017).DilationatrateoftwoisusedatlevelL7,simpleconvolutionatlevelL8andeliminatedresidual
shortcutsafterlevelL7.LevelL9tolevelL12aredecoderofnetworkwherenumberoflayersis
lesserthanU-Net.Indecoder,ConvTransposeisusedtoincreasethesizeofdimensions.Thekernel
sizeanditsnumberforvariouslayersofnetworkareshowninFigure4.

Three Deep dilated Residual Network represented in network architecture are connected in
parallelandfurtherthesenetworksareconnectedwiththefourthnetworkinacascadedmanneras
showninFigure5.

Network Training 
ThreeDDRNmodelsaretrainedinordertogettheprobabilitymapofeachmodel.Originalimage
alongwiththreeprobabilitymapsofparallelDDRNmodelisusedtotraintheforthcascaded(Figure
5).CHAOSdatasetscompriseof6170Imagesof40subjects.Networktrainedusing2570images
and tested on 3296 images. Challenge organizer not revealed ground truth of test data. DDRN
weightupdatedusingStochasticGradientDescent(SGD),lossfunctioncategoricalcross-entropy,40
epochs,batchsizesetat5,ReLUactivationfunctionandlearningrate0.001.Networkarchitecture
andlearnableparametersarekeptsameforeachDDRN.Themodelisimplementedinpythonusing
KerasTensorFlowlibraryinPythonplatformandtrainedonNVIDIAGPUsP5000.Singleepoch
taking56minutetimewhiletraining.

Evaluation Parameters
Various evaluation parameters are utilized in order to check the performance of medical image
segmentationalgorithms(Heimannetal.,2009).TheevaluationparameterslikeDiceCoefficient
(DICE),Jaccardindex(JI),HausdorffDistance95(HD-95),AverageSymmetricSurfaceDistance
(ASSD)arecalculatedforquantitativeevaluationoftheproposedmethod(Wu,Zhou,Wu,&Zhang,
2016).DiceandJaccardarethesegmentationevaluationparametersandidealrangezerotoone.Dice
valueofoneshowsperfectsegmentationwithrespecttogroundtruthandzeromeanssegmentation
isnotperfect.HD-95andASSDsurfacedistancebetweensegmentedresultandgroundtruthand
lessvaluesshowsperfectvolumetricsegmentation.

RESULTS AND DISCUSSIoN

Preprocessing
InputCTdatawindowedinthreeranges[-200,400],[-150,250]and[-50,175]abbreviatedasW1,
W2andW3asshowninFigure6.Windowingoperationsenhancedcontrastcomparevisuals(Figure
6(a)to(d)).CTinputdatadividedintothreewindowedimagesfollowedbymin-maxnormalization
inordertofeedintoDeepDilatedResidualNetwork.

Segmentation Result 
Dilationconvolutionallowsthenetworktolearnatdifferentspatialresolutionandwindowinghelps
thenetworktolearnatdifferentgraylevelquantization,finallyenhancingnetworklearning.Wehave
usedthreepatienttestdataabbreviatedasP16,P18,andP28fordepictingtheperformanceofDDRN.
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ThemeanandstandarddeviationofevaluationparametersaretabulatedinTable1.DICEcoefficient
doesnotenhanceincascadedDDRNandshows0.1differencescomparetoaverageofthreewindows
W1,W2andW3asshowninTable1.JaccardindexenhancesascomparedtoDICEcoefficientfor
cascadedDDRN.ASSDandHD95providesurfacedifferencesamongthetwosurfaces.Thecascaded
networkshowslessstandarddeviationandaveragevalueforallevaluationparameterscomparedto
allwindows.WindowW3performanceissuperiortoW1andW2(Table1).Descriptivestatisticsof
evaluationparametersforW3andcascadedDDRNarecomparedforthethreetestpatients(Table
2).CascadednetworkperformanceisfarbetterthanW3correspondstoeachevaluationparameters.
Individualwindowresultcomparedwiththecascadednetwork.Itisfoundthatthecascadednetwork
enhancedoverallperformanceintermsofvariousevaluationmatrixes.

Figure 5. Schematic of network connection

Figure 6. a-d Example of various windowing operation on subject 01 slice sequence 51

Table 1. Comparison of evaluation parameters with respect to W1, W2, W3 and cascaded network

Evaluation 
Parameter

W1 
[-200,400]

W2 
[-150,250]

W3 
[-50,175]

Cascaded Network

Dice 0.95±0.06 0.97±0.11 0.96±0.06 0.96±0.02

Jaccard 0.89±0.14 0.77±0.17 0.90±0.13 0.91±0.14

HD95 32.06±48.44 90.53±13 21.59.±37.07 4.41±3.45

ASSD 4.89±5.56 15.63±11.54 3.64±3.52 1.62±0.69
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BoxplotsofevaluationparameterscorrespondingtowindowW1,W2,W3andcascadednetwork
areshowninFigure7(Set-AtoSet-D).Eachplotisshowingthreeboxplotswithinsamefigure,
whichcompareresultsofthreesubjects.Eachpatienthasanaveragehundredimages.Boxplotshows
thedatadistribution;whiskersoftheboxplotrepresentadistancefromthedatamedianandoutliers
awayfromtheboxarea.CTvolumedatacontainsaveragehundredsofslicesforindividualpatients.
Dicemediancorrespondstoeachpatientskewedtowardoneforthecascadednetwork;itshowsthat
thecascadedDDRNperformedwell.Intermsofoutliers,thecascadednetworkshowsfewernumber
outlierscomparedtootherwindowtechniques,markedby‘+’sign(Figure7,Set-A,(iv)).False-
positiveresultsalwayscomeinthecategoryofanoutlieroftheboxplot.Set-Ashowingboxplot
forDICEcoefficientwithrespecttoW1,W2,W3,andCascadedNetwork,respectively.Numberof
outlierforW1,W2,W3andCascadedNetworkare11,10,7and7,respectively.W3performanceis
betteramongallwindowsandlesscomparetocascadednetwork.OutliercountforW3andCascaded
Networkissame,buttheW3outlierspreadrangeishugecomparedtotheCascadednetwork.All
evaluationparametersareconsistentforthecascadednetworkwithlessnumberofoutliers

Wehavedonecriticalvisualanalysisofproposedmethodwhileconsideringimageswherenetwork
wasnotabletosegmentaccurately.Figure8showsthevisualresultoftestsubjectsalongwith3D
representations.TheresultforP16,thenetworkfailstopredictconcaveboundarymarkedbycircle
(Figure8,P16,(c)).3Dmodelofpredictedresulthelpstohighlightthepresencefalse-positivewhich
isdifficultin2Dslices.ItcanbeobservedinresultforP18markbysquareboxon3Dpredictedresult
(Figure8,P18,(d)).TheresultforP28showsthat2Dand3Dvisualsareidenticaltoeachotherwhile
observingshapes(Figure8,P28,(b)&(c)).

WehavesubmittedresultsofDDRNtotheonlineevaluationsystemoftheCHAOSandsystem
providedevaluationdescriptivestatisticsforAverageSymmetricSurfaceDistance(ASSD),Dice,
MaximumSymmetricSurfaceDistance(MSSD),andRelativeAbsoluteVolumeDifference(RAVD)
asshowninTable3.Theproposedmethodgot##positiononleaderboardofCHAOSChallenge
datedon22ndOctober2019.

CoNCLUSIoN AND FUTURE SCoPE

Inthispaper,weproposedaCascadedDDRNfortheautomaticsegmentationoftheliverfromCT
imagedatasets.ThemaincontributionofthispaperistoevaluatetheperformanceofcascadedDDRN.
Theextensiveexperimentalresultsshowthattheproposedworkisgoodinreducingfalse-positive
resultsreceivedfromdifferentwindowingtechniques.Thesemethodscansavetheprecioustimeof

Table 2. Patient bias descriptive statistics for Evaluation Parameter for window W3 verses cascaded network

Test 
Dataset

Descriptive 
Statistics

DICE JACCARD ASSD HD95

W3 Cascaded 
Network

W3 Cascaded 
Network

W3 Cascaded 
Network

W3 Cascaded 
Network

P16 Mean 0.95 0.97 0.90 0.92 4.47 4.25 24.87 1.73

SD 0.09 0.01 0.12 0.13 4.16 1.49 37.10 0.61

Median 0.96 0.97 0.92 0.94 2.84 4.25 6.40 1.73

P18 Mean 0.96 0.97 0.89 0.90 2.17 4.88 7.10 1.64

SD 0.04 0.03 0.20 0.20 1.46 5.24 9.27 0.90

Median 0.97 0.97 0.94 0.95 1.94 4.00 5.00 1.44

P28 Mean 0.97 0.97 0.93 0.94 32.82 4.05 4.31 1.51

SD 0.01 0.01 0.02 0.01 48.33 1.72 3.82 0.36

Median 0.97 0.97 0.94 0.94 6.00 4.00 2.06 1.48
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medicalexpertsandreducethewaitingqueuelength.CascadedNetworkperformanceiscompared
withW1,W2,W3windowDDRN.Windowingselectionwillremainchallengingbecauseitdepends
upontheareatobetargeted,moresubjectiveanddependsonwindowwidthselection.However,the
proposedmethodhasovercometheproblemofwindowdependencyandenhancesprecision.While
evaluatingtheresultoftheproposedcascadednetworkwefoundthatamaximumnumberofslices
areshowingacceptableresultsandonlyafewslicesaredeviatingwithrespecttotheirgroundtruth.
Thiserrorcanberemovedwhileapplying3Dconnectedcomponentpost-processingoperation.DDRN
methodyettobetestedonotheronlinedatasetsbecauseofunavailabilityCTnumbergraylevels.
Asfuturework,thesemethodswillbedemonstratedwiththeclinicalapplication,suchasCTguided
liverbiopsyandradiationtherapyplanning.

Figure 7. Box plot for evaluation parameters where (i) W1 [-200,400], (ii) W2, [-150,250], (iii) W3, [-50,175],(iv)Cascaded Network 
and Set A for DICE, Set B for ASSD, Set C for JI and Set D for HD95
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Figure 8. Visual results for proposed network results
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