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ABSTRACT

Deeplearningmethodsarecharacterizedbytheircapacitytolearndatarepresentationcompared
tothetraditionalmachinelearningalgorithms.However,thesemethodsarepronetooverfittingon
smallvolumesofdata.Theobjectiveofthisresearchistoovercomethislimitationbyimproving
the generalization in the proposed deep learning framework based on various techniques: data
augmentation,smallmodels,optimizerselection,andensemblelearning.Forensembling,theauthors
usedselectedmodelsfromdifferentcheckpointsandbothvotingandunweightedaveragemethods
for combination.The experimental studyon the lymphomashistopathological dataset highlights
the efficiencyof theMobileNet2networkcombinedwith the stochasticgradientdescent (SGD)
optimizerintermsofgeneralization.Thebestresultshavebeenachievedbythecombinationofthe
bestthreecheckpointmodels(98.67%ofaccuracy).Thesefindingsprovideimportantinsightsinto
theefficiencyofthecheckpointensemblelearningmethodforhistopathologicalimageclassification.
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1. INTRodUCTIoN

Thehistopathologyisabranchofhistologywherebiologicaldiseasedtissuesorcellsareexamined
underamicroscope.Usually, thepathologistobservesthestainedbiopsieswithhematoxylinand
eosin (H&E) for prognosis, grading, and cancer identification. Nevertheless, the diagnostic of
biopsiesisacomplextaskandrequiresyearsofexperience,whichresultsahighvariancebetween
thepathologist’sdiagnosis.Thus,toreducethisintervariability,computer-aideddiagnosticsystems
(CAD)areemployedasasecondreader.

Previously,machinelearning(ML)methodshavebeenoneofthemostpopularapplicationsin
CADsystems,theiroverallprocessdependsonfourmainsteps:thedetectionofregionsofinterest,
featureextraction(GLCM(Vujasinovicetal.,2015),LBP(Hervéetal.,2011)),featureselection
(RFA(Difetal.,2019),MVO(Difetal.,2018))andclassification(Komuraetal.,2018).However,
inhistopathology,theextractionofhandcraftedfeaturesisoneofthegreatestchallengesbecauseof
thecomplexstructureofcellsandtissues,moreover,tumorscanpresentdistinctcytologicalfeatures
(Robertoetal.,2017).Recently,therehasbeenasurgeofinterestindeeplearning(DL)algorithms
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formedicalimageanalysis.ThebenefitofthesemethodscomparedtothetraditionalMLalgorithms
istheircapacitytolearndatarepresentation,wheretherelevantcharacteristicsareextractedthrough
theclassificationprocess.

Forhistopathologicalimageanalysis,biopsyslidesaredigitizedaswholeslideimages(WSI)
(Janowczyketal.,2016)bywholeslidedigitalscanners(WSD)(Al-Janabietal.,2012).Thehigh
resolutionofWSImadedigitalpathologyapopularapplicationforDLmethods(Litjensetal.,2017)
indifferenttasks:mitosisdetection(Cireşanetal.,2013),glandsegmentation(Kainzetal.,2015),
lymphomasubtypeclassification(Janowczyketal.,2016).Ontheotherhand,thelimitednumberof
availablemedicalimagesandthedifficultyoftheirannotationaretheleadingcausesofoverfitting.In
theliterature,severalattemptshavebeenmadetopreventthisproblembyimprovingthegeneralization
basedonvarioustechniques:transferlearning(Ngetal.,2015)andregularizationstrategies(dropout
(Srivastavaetal.,2014)andensemblelearning(Juetal.,2018)).

Thepurposeofthisresearchistoimprovethegeneralizationcapacityofconvolutionalneural
networksforlymphomasubtypesclassification.Ourworktakesadvantageofvariousregularization
methods in a deep learning framework: data augmentation, the exploitation of small models
(MobileNet),theselectionofthesuitableoptimizer,andthecheckpointensemblemodelselection.
Thisstudyprovidesthefirstcomprehensiveassessmentofcheckpointensemblinginhistopathological
applicationsbasedontheoptimizedMobileNetarchitecture.

Theremainingpartofthepaperproceedsasfollows:section1presentstherelatedworkstothe
automatedmethodsforlymphomasubtypesclassificationandtheensemblelearningmethodsindeep
learning.Section2detailstheprocessoftheusedmethods.Section3explainstheproposedframework.
Section4illustratesanddiscussestheobtainedresultsandthelastpartconcludesthiswork.

2. RELATEd woRKS

2.1. Lymphomas Subtypes Classification
Lymphomasaretumorsaffectinglymphocytes(T-orB-cells)(Orlovetal.,2010).Theyareclassified
intoNon‐Hodgkin’slymphomas(NHL)andHodgkin’slymphomas(HL)(Chanetal.,2001).The
NHLrepresents90%oflymphomas(Shanklandetal.,2012).Itincludesdifferentsubtypessuchas
DiffuselargeB-celllymphoma(DLBCL),whichisthemostcommonform,thechroniclymphocytic
leukemia(CLL),follicularlymphoma(FL)andmantlecelllymphoma(MCL).Thesesubtypespresent
aggressive(DLBC,MCL)orindolent(CLL,FL)NHLs,wheretheaggressiveformprogressrapidly
comparedtotheindolentform.

SeveralworkshavebeeninterestedintheNHLsegmentation(Tostaetal.,2017)andclassification.
ThisworkaimstoenhancetheNHLsubtypesclassification.

(Shamiretal.,2008)proposedtheIICBUbenchmarksuite,whichiscomposedof9biological
datasets,wherethesizeofimagesvariedfrom25x25to1388x1040.Theirpurposewastosupport
thecomputervisionexperts forproposingaccuratemethods forbiological imagesclassification.
Theirexperimentalstudybasedontheweightedneighbordistance(WND-CHARM)approachhas
provedthedegreeofcomplexityoftheautomatedlymphomasclassification,whichencouragedthe
computervisioncommunitytodevelopmorerobustmethods.

Table1providesasummaryoftheliteraturerelatingtotheNHLsubtypesclassification.The
proposedstrategiesarecategorizedintomachineanddeeplearningmethods.Previously,moststudies
inthisfieldhaveonlyfocusedontheMLapplications,wheretheextractionofthehandcraftedfeatures
hasattractedconsiderableattentionbecauseofthecomplexmorphologyofhistopathologicalimages.

Variousstrategieshavebeenproposedforfeatureextraction.Forinstance,(Orlovetal.,2010)
proposed the exploitation of the transform-based global features for classification. First, they
transformedtherawpixelsintospectralplanes,then,differentglobalfeatureshavebeencomputed:
texture,polynomial,andotherstatisticalfeatures.Finally,theobtainedfeatureswerefilteredbythe
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feature selection methods: fisher discriminant analysis (FLD), minimum redundancy maximum
relevance(mRmR)andfishercorrelation(F/C).

In another investigation, (Meng et al., 2010) presented a new approach based on collateral
representativesubspaceprojectionmodeling(C-RSPM).Theystartedbydividingeachimageinto25
blocks,then,asetof505features(colorandtexture)havebeenextractedfromtheseblocks.Finally,
fiftyfeatureswereselectedbytheChi-squarefeatureselectionmethod.Anotherinvestigation(Di
Rubertoetal.,2015)hasadaptedthreegreyscaletexturemodelstocolortexturefeaturesforfeature
extractionfromthelymphomascoloredimages.Anotherexampleistheworkof(Navaetal.,2016)
thatproposesacombinationofdiscreteorthogonalmoments(DOMs)onthepre-trainedimagesby
thecolordeconvolutionmethod.(Songetal.,2016)suggestedthattheexploitationofthesubcategory
discriminanttransform(SDT)methodontheextractedfeaturesisimportanttominimizethewithin-
classvarianceandtooptimizethebetween-classdifference.Themaincharacteristicoftheworks
describedabove is their independenceon thesegmentationmethods.Theproposed investigation
by(Tostaetal.,2018)suggeststheuseofanunsupervisedsegmentationmethodbasedongenetic
algorithms(GA)forCLLandFLneoplasticnucleisegmentation,wheretheyemployedfourfitness
functions(Fisherinformation,entropiesofRenyi,ShannonandTsallis)toevaluatetheGAsolutions.

AccordingtoTable1,variousfeatureextractionmethodshavebeenused,whereitwashardto
definethesuitablefeatureextractionmethod.Therefore,toenhancethesetoftheextractedfeatures,

Table 1. The proposed methods in the literature for lymphoma subtypes classification

Method Article Classifier Feature extraction Feature 
selection

Machine
learning

(Shamiretal.,2008) WND-CHARM -

(Mengetal.,2010) (C-RSPM)+
WMVA

Colorandtexturefeatures Chi-square

(Orlovetal.,2010) WND Globalfeatures(texture,
polynomialandstatistical)

FLD,mRmR,
F/C

(DiRubertoetal.,2015) Supportvector
machine(SVM)

ModifiedGLCM -

(Navaetal.,2016) KFDA Discreteorthogonalmoments
(DOMs)

RELIEF

(Songetal.,2016) SVM Visualtexturedescriptors(IFV,
LBP,HOG,GIST,CENTRIST)

SDT

(Tostaetal.,2018) SVM SegmentationwithGA -

Machine
learningwith
CNNmodels

asfeature
extractors

(Codellaetal.,2016) Non-linear
SVMs

Low-levelfeatures(color
histogram,edgehistogram,LBP,

transferredCNNImageNetmodel)

(Songetal.,2017) SVM Pre-trainedVGG-VD CFV

(Songetal.,2017b) SVM Localfeatures(SHIFT,pre-trained
VGG-VD)

SDR

(Baietal.,2019) Randomforest LTP,MLPQ,CLBP,RIC,FBSIF,
AHP,GOLD,HOG,MOR,CLM,

LET,GoogleNet,VGGNet,
ResNet,Inception,IncResv2

-

(Nannietal.,2018) SVM LBP,texturerepresentationsand
statisticalfeatures,CNNslearned

features.

-

Deeplearning (Janowczyketal.,2016) AlexNet(Cifar-10version) -
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oneofthemorepracticalwayswastheexploitationofthedeeplearningmethodsasfeatureextractors.
Forinstance,(Codellaetal.,2016)proposedamulti-stagevisuallearningapproach,wherevariable
low-levelfeatureshavebeencombinedwiththeextractedfeaturebasedonapre-trainedCNNmodel.
Inanotherapproach,(Songetal.,2017;Song(b)etal.,2017)proposedasupervisedintra-embedding
method,wherethefeatureshavebeenextractedbasedontheConvnet-basedFV(CFV),asanextension,
theyproposedtocombinetheresultingvectorwithothertypesoflocalfeatures.Despitetheproposed
methodsthatsuggesttocombinefirstthesetofextractedfeaturesandclassifythembasedonone
learningalgorithm,otherinvestigationsclassifyseparatelytheextractedfeaturesbydifferentmethods,
andthencombinethescoresoftheresultingmodelsbasedonensemblelearningmethods(Baiet
al.,2019;Nannietal.,2018).Forinstance,(Baietal.,2019)combinedarandomforestclassifier
trainedonextractedtexturalandstatisticalfeaturesandasoftmaxclassifiertrainedontheextracted
featuresbyapre-trainedinceptionNet.Theirstudyhasindicatedthepotentialoftheuseddistance
matrixweighting(DMW)methodtocombinesthepatch-levelresults.Anotherexampleisthework
of(Nannietal.,2018)thatproposesaframeworkoftexturedescriptorsandCNNslearnedfeatures,
wheretheycombinedtheobtainedscoresbasedonsumrule.

Theuseofthedeeplearningmethodsforclassificationhasreceivedlittleattentionwithinthe
lymphoma’ssubtypesclassificationtask.Tothebestofourknowledge,(Janowczyketal.,2016)
madethefirstattempttotrainaconvolutionalneuralnetworkfromscratchforlymphomassubtypes
classification.

2.2. Ensemble deep Learning
Overfittingpresentsthehighvariancebetweenthetrainandthetestsetsperformances.Toreduce
thisvariance,theexploitationofregularizationstrategiessuchasdropout(Srivastavaetal.,2014),
andensemblelearningmethods(Juetal.,2018)isrecommended.

Ensemblelearningmethodscombinethedecisionofseveralmodelstoimprovebothperformance
andgeneralization.Severalattemptshavebeenmadetoprovetheefficiencyofensemblelearningon
deepneuralnetworks:stacking(Dengetal.,2014),boosting(Moscaetal.,2016),voting(Xuetal.,
2017)andaveraging(Chenetal.,2016;Krizhevskyetal.,2012;Zeileretal.,2014;Simonyanetal.,
2014;Szegedyetal.,2015;Heetal.,2016).Where,variousstrategieshavebeenusedtogeneratethe
setofmodelsbyvaryingininitializationmethods,architectures,optimizers,andthetrainingdataset.

ThemaindrawbacksofDLalgorithmsistheirhighcomputationalcomplexityandthematerial’s
requirementsillustratedinTable2,whichlimitstheuseofthetraditionalmodelgeneralizationmethods
fortrainingmorethanonemodel.Areasonableapproachtotacklethisissuewastheexploitationofthe
iterativelearningprocessofneuralnetworkstoproduceacheckpointsensemblewithinonetraining
process,alsoknownasself-ensemble.Thesemethodshavebeenemployedinvariousdomains:text
categorization(Wangetal.,2014),translationsystems(Sennrichetal.,2016;Vaswanietal.,2017),
abstractivesummarization(Kobayashietal.,2018),malwaredetection(Sangetal.,2018),images
classification(Juetal.,2018),medicalimagessegmentation(Foketal.,2018;Jungetal.,2018),facial
emotionrecognition(Sang&Ha,2018)andlargescalevideolabeling(Skalicetal.,2017).Table3
summarizestheusedDNNarchitecturesintheproposedcheckpointensemblemethods.

Differentstrategieshavebeenadoptedtoselecttheappropriatecheckpoints.Forinstance,(Chen
etal.,2017)haveaveragedbetweenthebestthreecheckpointmodelswithinthesetofdeepmodels,
wheretheyprovedtheefficiencyofpredictionaveragingcomparedtoweightaveragingbetweendeep
neuralnetworks.Inthesameway,(Foketal.,2018)combinedbetweenthebest2to5models,and
(Sangetal.,2018)haveaveragedbetween25bestmodels.Othermajorstudiessuggestcombining
betweenthelastcheckpoints(Sennrichetal.,2016;Vaswanietal.,2017;Juetal.,2018).Forinstance,
(Sennrichetal.,2016)proposedtocombinethelastfourmodelsthathavebeensavedevery30000
mini-batch.Similarly,(Vaswanietal.,2017)haveaveragedbetweenthelast5and20checkpoints
savedat10-minuteintervals.Otherinvestigationssuggestcombiningthegeneratedmodelsfromthe
lastepochs(Sang&Ha,2018;Kobayashietal.,2018).
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3. NETwoRKS ANd oPTIMIZERS

3.1. Networks
MobileNet(Howardetal.,2017)isaconvolutionalneuralnetworkdesignedespeciallyformobiles
andembeddedvisionapplications.Thepurposeofthisarchitectureistodesignsmallmodelsthrough
thedepthwiseseparableconvolution (DSC)modulesand thus tooptimizeboth recognition time
andmemoryrequirements.Moreover,MobileNetintroducestheconceptsofwidthandresolution
multiplierstocustomizethemodelaccordingtothedevicerestrictions.

TheDSCfactorizestheconvolutionintoadepthwise(DC)andapointwiseconvolution(PC).
First,theDCperformsasingle3x3filterperinputchannel,thenthePCcombinestheoutputby1x1
filters.Equation1presentsthereductionfactorintermsofthenumberofmultiplicationsperformed
byDSCcomparedtoastandardconvolution.NisthenumberoffiltersandD

K
isthekernelsize.

CSD

C N D
k

= +











1 1

2
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Table 2. Material requirements and run time to train convolutional neural networks on the ImageNet dataset

Network Time Materiel

AlexNet(Krizhevskyetal.,2012) Fivetosixdays TwoNVIDIAGTX5803GBGPUs

ZFNet(Zeileretal.,2014) 12days SingleNVIDIAGTX580GPU

Inception(Szegedyetal.,2015) Oneweek(estimation) Fewhigh-endGPUs

VGGNet(Simonyanetal.,2014) 23weeksdependingonthe
architecture. FourNVIDIATitanBlackGPUs

Xception(Chollet,2017) 3days 60NVIDIAK80GPUs

Table 3. The previously combined DNN architectures by the checkpoint ensemble method

Reference Architecture

(Chenetal.,2017)
Vanillaneuralnetwork

Convolutionalneuralnetwork
LongShorttermmemorynetwork

(Sennrichetal.,2016) Encoder-decodernetworks

(Vaswanietal.,2017) Transformernetworkbasedonencoder-decodernetwork

(Juetal.,2018) NIN,VGGNet,ResNet

(Sang&Ha,2018) DenseNet
MixtureofNeural-NetworkExperts(MoNN)

(Skalicetal.,2017) LongShort-TermMemory(LSTM)
GatedRecurrentUnits(GRU)

(Kobayashietal.,2018) LSTMencoder/decoder

(Foketal.,2018) ResNet34

(Sangetal.,2018) RNSALLbasedontheResNetmodel
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MobileNetV2(Sandleretal.,2018) isanextendedversionof theMobileNet.The idea is to
applydepthwiseconvolutionalfiltersonlargerintermediatetensorsbyexpendingtheconvolutional
layerstomaintainmoreinformation.Then,theoriginalsizeisrestoredbyaprojection(1x1filters).
MobileNetV2isbasedonthestandardresidualconnections(Heetal.,2016)topreventthevanishing
gradientproblem.Figure1highlightsthedifferencebetweenastandardconvolution,adepthwise
separableconvolution,andtheintroducedinvertedresidualsandlinearbottlenecksinthemobileNetV2.

3.2. optimizers
Thebackpropagationalgorithmisusedtoupdatethenetwork’sparameters,thepurposeofsuchmethod
istooptimizethelossvaluebasedonvariousoptimizerssuchas:thestochasticgradientdescent
(Robbinsetal.,1951),Adam(Kingmaetal.,2014),Rmsprop(Tielemanetal.,2017),momentum
(Rumelhartetal.,1988)andAdagrad(Duchietal.,2011).

Thegradientdescent(GD)optimizerupdatestheparametersaccordingtoEquation2,wherew
istheparametertoupdate,∇ isthegradient,Listhecostfunctionandη isthelearningrate.There
arethreevariantsofGD:thebatchgradientdescent(BGD),thestochasticgradientdescent(SGD)
andthemini-batchgradientdescent(Ruderetal.,2016).IntheBGD,thegradientofthewholedataset
iscomputedateachupdatewhichcanslowthetrainingtimeforlargedatasets.WhereasintheSGD,
thegradientisbasedonasingleexampleandthecomputedgradientrepresentsanapproximationto
therealone.Themini-batchgradientdescentisdesignedtomakeatradeoffbetweentheexactbehavior
ofBGDandthestochasticbehaviorofSGD,itconsidersonlyaportionofktrainingexamplesfrom
thewholedatasettocomputethegradient.Tospeedupthemini-batchlearning,differentmethods
havebeenproposed,suchasmomentumandRmsProp.

w w L w
t t

w

t+( ) ( ) ( )= − ∇ ( )1
� �η  (2)

TheRmsPropoptimizerisamodifiedversionofRprop(Riedmilleretal.,1993).Itcombines
betweenRpropandSGDbydividingthelearningratebyanexponentiallydecayingaverageofthe

Figure 1. The structure of (a) standard convolutions, (b) depthwise separable convolutions (Howard et al., 2017) and (c) inverted 
residuals and linear bottlenecks structures (Sandler et al., 2018)
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squaredgradients(Tielemanetal.,2017).Equation3illustratestheRmsPropprocess,wheregisthe
gradientrootmeansquare,andα isthedecayrate.
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4.THE PRoPoSEd FRAMEwoRK

Figure2presentstheproposedframework,whichisbasedonthreemainmodules:preprocessing,
trainingandensemblelearning.

4.1. Preprocessing
Figure3illustratesthepreprocessingscheme,whichisbasedonmeannormalization,patchextraction,
rotations,andrandomcorps.

Thepurposeofmeannormalizationistocenterthedataaroundzeromeansbysubtractingfrom
eachimagethemeanofallimages.Equation4presentsthemeannormalizationprocess,wherem

i j,


isthepixelvalueoftheimagematrixmandNisthenumberofimages.

m t m t
m t

Ni j i j
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Figure 2. The proposed framework components
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Theresultingnormalizedimagesarethenaugmentedbypatchextraction(Figure4)androtations,
thisstepseeks to takeadvantageof thehighresolutionofhistopathological images toovercome
overfittingonthesmallvolumesofdata.Inthisstudy,eachimagewasdividedinto144x144non
overlappedpatches,then,theresultingpatcheswererotatedby0and90degrees.Theserotations
contributetoimprovetheimageanalysisprocesssincethepathologistcanobservethebiopsiesfrom
differentangles.Finally,randomsamplesof128pxx128pxareextractedduringtrainingtoimprove
thegeneralization.

4.2. Training and Ensemble Learning
Timeandmemoryusagearecriticalforrealdeploymentsofcomputervisionsystems,whichpresent
majorchallengesforconvolutionalneuralnetworks(Table4),moreover,thesealgorithmsareproneto
overfittingonsmallvolumesofdata.Areasonableapproachtotackletheseissuesistheexploitation
ofsmallmodelssincetheyhavelessoverfittingproblemsandmemoryrequirements(Howardetal.,
2017).Thus,weselectedtheMobileNetarchitecture,duetoitssmallnumberofparameterscompared
tootherCNNarchitectures.This architecture isbasedon thedepth-wise separable convolutions
modules,thathelptocreateverysmallimageclassificationmodels.

Table5showsthenumberofparametersaccordingtotheinputsize(128×128)intheproposed
framework.

Accuratemodelsarecharacterizedbytheircapacitytoperformwellonunseensamplesduring
trainingandoptimization.Therefore,topreventoverfitting,anotherusedstrategywastoselectmodels
accordingtotheirgeneralizationefficiency.Ourmethodwastofollowupthelearningprocessand
tomeasurethegapbetweentheaccuracycurvesoftrain,validationandtestsets,whereweused
differenttypesofoptimizes:SGDwithavariablelearningrate,andtheRmsPropoptimizer.Then,
testimagesareclassifiedbaseonavotebetweentheclassesoftheirsub-patchesaccordingtoalgorithm
1(Cisthenumberofclasses,andPisthenumberofpatches,ifthe t th patchisclassifiedwiththe
classjthen dt j, =1else dt j, = 0 .

Finally,weproposedtocombinetheresultingmodelsbyanensemblelearningstrategytoreduce
theirhighvariance.Usually,ensemble learningmethodsarecharacterizedby threesteps:model
generation,modelselection,andcombination. In this researchweused thecheckpointensemble

Figure 3. The preprocessing scheme
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Figure 4. The extracted patches from a CLL digitized image

Table 4. The number of parameters and layers in CNN’s architectures

Architecture Number of parameters (Million) Number of layers

AlexNet(Krizhevskyetal.,2012) 60 8

VGGNET(Simonyanetal.,2014) 133to144 11-19

Inception(Szegedyetal.,2015) 6.8 22

ResNet(Heetal.,2016) 21.8to60.2(Boulch,2017) 18-152

ShuffleNet(Zhangetal.,2018) 3.4 50

(Howardetal.,2017) 4.2 28

(Sandleretal.,2018) 3.4 20

Table 5. The number of parameters in the used MobileNet architectures

Parameters MobileNetV1 MobileNetV2

Total 3231939 2261827

Trainable 3210051 2227715

Non-trainable 21888 34112
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method(algorithm2),thistechniquerequiresonlyonetrainingtogenerateNmodelsinsteadofN
training,whichoptimizesthetrainingruntimecomplexity.First,thesetofmodelswasgeneratedby
savingmodelsat3-minuteintervals.Then,weemployedtwostaticensembleselectionstrategies:the
most accurate N models on the validation set and the last N saved models. Finally, voting and
unweightedaveragingmethodswereusedtocombinetheselectedmodels.Equation5illustratesthe
majorityofvotingprocess,whereJistheselectedclass,CisthenumberofclassesandNisthe
numberofmodelsifthe tth classifierchoosestheclassjthen d

t j,
= 1 else d

t j,
= 0 .Equation6

presentstheunweightedaverageprocess,wherey x
t ( ) istheweightsvectorofthe tth classifierfor

thesamplex.

J argmax d
j c

t

N

t j
=

∈{ }
=
∑�

, ,.., ,1 2
1
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Algorithm 1. The testing process
Inputs: Test, Model.
Output: Test Accuracy.
Begin 
Patches = Φ
for each (Image Test) do
Classes = Φ
Patches = Patch Extraction(Image) 
for each(Patch  Patches) do
Classes = Classes  ∪  Model.Classify(Patch)

Class argmax d
j c

t

P

t j
= { }

=
∑�

� , ,.., , 1 2
1

Test _Accuracy = Compute_Test_Accuracy(Test) 
End. 
Algorithm 2. The combination process between the MobileNet 
checkpoints 
Inputs: Models, Validation, Test, Selection ∈ {Best, Last}, 
Combination ∈ {Vote, Average}, N: number of selected models.
Output: Test Accuracy.
Begin 
if(Selection == Best) then
Models = Descending_Sort(Models, Validation) 
Sub_Models = Models[1,N] 
if (Combination == Vote) then
Test_Accuracy = vote(Sub_Models, Test) 
else 
Test_Accuracy = average(Sub_Models, Test) 
End.
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5. EXPERIMENTAL STUdy

Inthisstudy,theproposedapproachwasevaluatedonthelymphomahistopathologicaldataset(Shamir
etal.,2008),whichwascollectedfrom30histologicalstainedslidesoflymphnodes.First,these
slidesweredigitizedbytheZeissAxioscopelightmicroscopeandtheAXioCamMR5camera.Then,
high-resolutionregionsofinteresthavebeenextractedfromthedigitizedimages(1388×1040).
Table6describesthenumberofimages/patchesineachsub-category(CLL,FL,MCL),wherethe
differentpatcheshavebeenextractedfromeachimagebasedonthedataaugmentationtechniques
describedintheprevioussection.

Fortraining,weemployedbothMobileNetV1andMobileNetV2networks,andtwotypesof
optimizers(StochasticgradientdescentandRmsprop).Then,thestratifiedholdoutmethodhave
beenusedtoevaluatethetrainednetworks:20%fortest,20%oftherestofimagesforvalidationand
80%fortraining.

Table7presentstheusedparametersfortraining,whereweemployedavariablelearningrate,
withexponentialdecayfortheSGDoptimizer.Thepurposeofthisvariationistopreventtheslow
convergenceforsmalllearningratevaluesandtoovercometheoscillationproblemincaseofhigh
learningratevalues.Thebatchsizewasselectedaccordingtothememoryrequirements,andtheloss
valuewascomputedbasedonthecategoricalcross-entropylossfunction.Thisfunctionisdesigned
forthemulti-labelclassificationproblems(Equation7:S

p
isthepositiveclassscoreandCisthe

numberofclasses).

CE
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x

S
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j
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Thefirstsetofanalysescomparestransferlearningandtrainingfromscratchtechniques.The
transferlearningprocesswascarriedoutbasedonthetransferredweightsfromthemobileNetV1
ImageNetmodelandthesoftmaxclassifier.ToadapttheinputimagessizetotheImageNetmodel
requirements,weusedtwostrategies:resizethehigh-resolutionimagesto224x224andextract
224x224sub-patches.Theresults,asshowninTable8,indicatetheefficiencyofthepatch-wise
classificationstrategy,whichisexplainedbythelimitationsofresizing.

Figure 5highlights the cross-entropy convergence loss of themobileNetV1 associated with
RmsProp(a)andSGD(b)optimizers.Comparingthetwocurves,itcanbeseenthatthatSGD(loss
=0.3)hasafastconvergencebehaviorcomparedtoRmsProp(loss=0.054).

Figure6showstheaccuracycurvesofmodelson:train,validationandtestsets:(a)MobileNetV1
with RmsProp, (b) MobileNetV1 with SGD, (c) MobileNetV1 with SGD and dropout and (d)
MobileNetV2withSGD.

TheMobileNetV1+RmsPropcurvehighlightsanoscillationandahighvariancebetweenthe
trainandthetest/validationaccuracies.Whereas,MobileNetV1+SGDreportsanimportantcorrelation

Table 6. The Number of images/patches in the lymphoma dataset

Total number of images/ patches Number of images/ patches by category

375/41860
CLL FL MCL

113/12600 140/15680 122/13580
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betweenthetrainingandthevalidation/testcurvesstartingfromthe20kiteration,whichprovides
animportantinsightonthecapacityofthegeneratedmodelintermsofgeneralization.Increasing
thedropoutratefrom0.01to0.2confirmedthishypothesis,wherethegeneratedcurvesaresimilar
inthecaseofthetwodropoutratevalues.Finally,whencomparingthetworesultsonMobileNetV1
andMobileNetV2,itcanbeseenthatMobileNetV2providesmoregeneralizationonthetestset.

For inference,weselected fromthesetofcheckpointmodels themodel thatmaximizes the
validationaccuracy.Table9reportstheobtainedresultsbytheselectedmodel,whereweobserve
thatthedifferencebetweenthetrainandvalidationsetsaccuracieswasnotsignificant.Whereas,
itrevealsthattherehasbeenaslightdecreaseforthetestsetduetotheadoptedvotingstrategyto

Table 7. The experimental study parameters

Parameter Value

Maximumnumberofsteps 60000

Batchsize(train/evaluation) 128/100

Learningrate(lr)
(exponentialdecay)

Initiallr 0.05

Lrdecay 0.9

Finallr 10 4− ×�lr

RmsProp
Momentum 0.9

Epsilon 0.9

Dropoutrate 1.0

Lossfunction Crossentropy

Dropoutrate 0.2

Table 8. Transfer learning results

Patch size Test accuracy

ResizeFullImage 0.6533

224x224Patches 0.7333

Figure 5. MobileNet loss curves based on RmsProp and SGD optimizers Train and validation loss curves
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evaluatethewalltestimage.Takentogether,theseresultsindicatetheefficiencyoftrainingfrom
scratchcomparedtotransferlearningforlymphomassubtypesclassification.

Turningnowtotheexperimentalstudybasedonthe5-cross-validationevaluationmethodand
theMobileNetV2.Theevaluationmethodsplitsthedatasetintofivegroupsandthemodelistrained
fivetimesoneachgrouptogeneratefivedifferentmodels.Forprediction,theresultsofmodelsare
averaged.Thepurposeofthismethodistogeneratemoreconfidentmodelscomparedtoasingle
evaluation,alsoithelpstoimprovethegeneralizationabilityoftheclassificationframeworkandto
overcomedifferentproblemslikeoverfitting.TheobtainedresultsareillustratedinTable10.The
findingsreportasignificantdifferencebetweentheobtainedresultsbythemodels2and3,which
providefurthersupportforthisevaluationmethodtoreducethehighvariancebetweenneuralnetworks
results.Thefalsegeneratedpredictionsbythemodel2highlightitsconfusionbetweentheMCLand
theCLLclasses,wheretwoMCLandtwoCLLimageshavebeenmisclassified.

Figure 6. Train, validation and test accuracy curves of MobileNetV1 and MobileNetV2 models

Table 9. The obtained results by MobilenetV1 and MobileNetV2 on the train, validation and test sets (accuracy)

Network Optimizer Train Validation Test

MobilenetV1 RmsProp 0.9995    0.9866 0.9200

SGD 0.9998    0.9990 1

SGD(dropout) 0.9996    0.9981 0.9733

MobileNetV2 SGD 0.9996    0.9996 0.9867
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Inthefinalpartoftheexperiments,weexploredtheensemblecheckpointmethod,wheretwo
staticensembleselectionstrategieshavebeenused:NbestmodelsandNlastcheckpointmodels.Then,
theselectedmodelshavebeencombinedbasedonvotingandaveragingmethods.Table11illustrates
theobtainedresultsonthetestset,wherethenumberofcheckpointmodelsis2to50models.The
findingsreportedheresuggestthat3to4modelsareenoughtoenhancetheaccuracyfrom97.87%to
98.67%forthetwostrategies.Whereasalossofaccuracywasdetectedwhencombining15to20best
models,whichrevealsthattherewasnoclearevidenceontheimpactofthenumberofmodelsonthe
results,asthelossofaccuracyisrelatedtothepresenceofweeklearners.Theobtainedresultsbythe
averagingmethodshowthatcombiningthelastcheckpointstendstoperformbetterthancombining
thebestmodels,itcanthusberelatedtothelackofdiversitybetweenthebestmodels.

In summary, the findings reportedhere suggest the efficiencyof theSDGcompared to the
RmspropoptimizerfortheMobileNetnetworkandthelymphomasclassificationtask.Moreover,
theseresultsprovidefurthersupportforthehypothesisontheefficiencyofcheckpointensemble
methodsindeeplearningapplications.Thisstudyhasbeenoneofthefirstattemptstothoroughly
examinethecheckpointensemblingforhistopathologicalimagesclassification.

Table12comparestheobtainedandtheliteratureresultsonthelymphomadataset.Thebest
obtainedresultsinthemachinelearningcategoryhavebeenachievedbasedonthesegmentedimages
withGA(Tostaetal.,2018)andtheextractedvisualtexturedescriptors(Songetal.,2016).Whereas
in theproposedhybridmethodsbetweenmachine anddeep learning strategies,weobserve that
thehybridizationbetweenlocalfeaturesandtheextractedfeaturesfrompre-trainedCNNmodels
achievedgood results compared to somemachine learningmethods (Shamir et al., 2008;Meng
etal.,2010;Navaetal.,2016).Thefinalparthighlightstheresultsofthedeeplearningmethods,
whereweobservetheefficiencyoftheMobileNetV2comparedtotheAlexNetnetwork.Moreover,
theseresultsrevealthatdeepernetworkssuchasResNet50,DenseNetwerelesspromising.Onthe
otherhand,thecomparativestudybetweenInceptionV3andMobileNetrevealsthatresultsareclose.
Overall,thisstudyrevealstheimportanceofMobileNetscomparedtootherdeepernetworkssuch
asResNet50,DenseNet,andInceptionV3intermsofprecisionandcomputationalcomplexityfor
lymphomassubtypesclassification.

Table 10. The obtained results by the MobileNetV2 based on the five cross-validation evaluation method

Division 1 2 3 4 5 Average

Validation 0.9996 0.9981 0.9977 0.9983 0.9987 0.9985

Test 0.9867 0.9467 1 1 0.9600 0.9787

Table 11. The obtained results by the ensemble checkpoint method based on the last and the best combination strategies

Models Method Best models Last 
checkpoints Method Best models Last 

checkpoints

2

Vote

0.9813 0.9786

Average

0.9840 0.9813

3 0.9867 0.9813 0.9840 0.9867

4 0.9867 0.9867 0.9840 0.9813

5 0.9867 0.9840 0.9840 0.9867

10 0.9867 0.9840 0.9813 0.9840

15 0.9840 0.9867 0.9840 0.9840

20 0.9840 0.9867 0.9840 0.9840

50 0.9867 0.9867 0.9813 0.9813
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6. CoNCLUSIoN

Inthisresearch,wepresentedadeepneuralnetworkframeworkbasedonMobileNetarchitecture.
Themainpurposeofthisstudywastouseamaximumofregularizationtechniquestoovercome
overfitting:dataaugmentation,smallmodels,K-cross-validationandensemblelearning.First,the
trainsethasbeenaugmentedbydataaugmentationtechniques.Then,theappropriatemodelinterms
ofgeneralizationhasbeenselected fromthesetofgeneratedmodelsby thecombinationof two
MobileNetsarchitectureswithtwotypesofoptimizers.Finally,wecombinedcheckpointmodelsby
votingandaveraging.Theproposedframeworkwastestedonthelymphomadataset,andthebest
resultshavebeenobtainedbythevotingmethodbetweenthe3bestcheckpoints.Thecomparative
studywiththeliteratureresultsprovidesimportantinsightsintothebenefitofcheckpointensembling
incomputer-aideddiagnosticsystems.However,theaveragingandvotingmethodsaresensitiveto
weeklearners,whichcanproducealossinaccuracy.

Asperspectivetothiswork,wearelookingtoworkonothermorechallenginghistopathological
datasetssuchasBreakHisandtheovariancarcinomadatasetandotherensemblelearningmethods
suchasmeta-learners.

6.1. Compliance with Ethical Standards
Theauthorsdeclarethattheyhavenoconflictofinterest.Thisarticledoesnotcontainanystudies
withhumanparticipantsperformedbyanyoftheauthors.Informedconsentwasobtainedfromall
individualparticipantsincludedinthestudy.

Table 12. Comparison between the obtained and the literature results

Method Reference Evaluation Method Accuracy (%)

Machinelearning

(Shamiretal.,2008) - 85

(Mengetal.,2010) 3-cross-validation 92.70

(Navaetal.,2016) 10-cross-validation 93.83

(Songetal.,2016) 5-cross-validation 96.8

(DiRubertoetal.,2015) cross-validation 96.4

(Tostaetal.,2018) 10-cross-validation 98.14

(Orlovetal.,2010) 8-cross-validation 98-99

Machine+Deep
learning

(Codellaetal.,2016) 3-cross-validation 95.5

(Songetal.,2017) 4-cross-validation 96.5

(Nannietal.,2018) - 97.33

(Songetal.,2017b) 4-cross-validation 97.9

(Baietal.,2019) holdout 99.1

(Nannietal.,2019) 5-cross-validation 96.87

Deeplearning

(Janowczyketal.,2016) 5-cross-validation 96.58

(Nanni(b)etal.,2019) 5-cross-validation
ResNet50 92.00

DenseNet 93.60

Ours Hold-out Inception-v3 97.78

Ours(MobileNetV2) 5-cross-validation 97.87

Ours(ensembleMobileNetV2) 5-cross-validation 98.67
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