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ABSTRACT

ThispaperhasmadeasurveyonmotorimageryEEGsignalsanddifferentclassifierstoanalyze
them.Resolutionformedical images likeCT,MRIcanbeimprovedusingdeepsenseCNNand
improvedresolutiontechnology.DrowsinessofastudentcanbeanalyzedusingdeepCNNandit
helpsinteaching,assessmentofthestudent.Theauthorshaveproposed1D-CNNwith2layersand3
layersarchitecturetoclassifyEEGsignalforeyesopenandeyesclosedconditions.Variousactivation
functionsandcombinationsaretriedfor2-layer1D-CNN.Similarly,variouslossmodelsareapplied
incompilemodeltochecktheCNNperformance.SimulationiscarriedoutusingPython2.7and
1D-CNNwith3layersshowbetterperformanceasitincreasesnumberoftrainingparametersby
increasingnumberoflayersinthearchitecture.Accuracyandkappacoefficientincreasewhereas
hamminglossandloglossdecreasesbyincreasingnumberoflayersinCNNarchitecture.

KEywoRdS
Artifacts, EEG, Epilepsy, Motor Imagery, Seizures, Sleep Scoring

1. INTRodUCTIoN

EEGsignalsmaybeaffectedbyartifactsatthetimeofrecording.Adaptiveclassifierswithweighted
distancenearestneighborclassifierswithautoregressivemodels,powerbeingthefeaturesconsidered
cangivebetterclassificationperformance(M.Sabetiet.al,2013).GeneralizedRNNisusedtodetect
prestateseizures inEEG.TensubfrequencybandsarecreatedfromEEG,featuresareextracted
usingregressionneuralnetworkandthenappliedtotenthresholdmechanismsforclassification(C.
Sudalaimaniet.al,2018).Gradientdescent,optimizationtechniquesareusedinlogisticregression
andβfunctionforsigmoidhelpsinincrementingaccuracyfortheidentificationofmalignantorbenign
tissuepresenceforcanceranalysis(LailaKhairunnaharaet.al,2019).

Section 2 gives an overview on brain related issues, Section 2.1 describes motor imagery
classificationmethods.Section2.2explainstheavailabilityofdifferentclassifiersforEEG,Section
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3illustratestheproposedarchitecturesfor1D-CNN,Section4showtheresultsobtainedusingpython
2.7andnarratesthepossibilitytoincreasetheperformanceofCNN,Section5concludesthework
carriedout.

2. SURVEy oF BRAIN RELATEd ISSUES

2.1 Motor Imagery Classification
5-layerCNNextractfeaturesandclassifymotorimageryEEGwithlefthandandright-handmovements
(ZhichuanTang,et.al,2016).ConventionalmethodslikeSVMwithpower,SVMwithcommonspatial
patternandSVMwithautoregressionareusedinmotorimageryclassification.CNNperformsbetter
thantheconventionalclassificationmethods.Combiningdeeplearningwithdataaugmentationfor
2-waymotorimageryclassification(ZhiwenZhanget.al,2018).EMDdecomposesEEG,mixestheir
IMFstoformnewartificialframesofEEG,appliedasinputstocomplexmorletwavelets.CNNwith
waveletNNhelpsinobtaininghigherclassificationaccuracy.STFTtrainsEGandgivefrequency
domainrepresentation.CNNandLSTMaredeepNNusedforEEGmotorimageryclassification
withpromisingresults(ZijianWanget.al,2017).

Spatialdistributions,βandµrhythmshelpinimageryactivitiesclassificationofEEGsignals.
Gradientdescent,MLPareusedfortrainingtheneuralnetworkwhichmayleadtolessaccuracy,speed
ofconvergence,PSO-GSAattainsbetteraccuracy,convergencespeedinmotorimageryclassification
(SajjadAfrakhtehet.al,2018),(RahulKalaet.al,2011).EEGmuscularmotorimageryisapproximated
basedonRBF,furtherconventionalMLP-NNandasynchronousNNareappliedtoincreaseaccuracy,
speedofcontrolfortheEEGclassification(I.E.Shepelevet.al,2018).UncleanEEGfiltering,low
SNRproblemscanbeaddressedusingtraditionalBPNN,howeveranimprovedBPNNwithweight
splittingtechniqueandPSOforappropriatelytrainingthelowweightshelpinbettermotorimagery
classification(LongLiu,2019).Table1showsvarioustechniquesonmotorimageryEEG

2.1.1. Inferences

• Motorimageryclassificationwithlefthand,righthandmovementcanbedoneusingconventional
methods,CNN.

• Gradient descent, MLP are conventional training NN methods, PSO-GSA can give better
convergencespeedinmotorimageryclassifications.

Table 1. Various motor imagery EEG aspects and techniques used

Authors Year Type of Disease Approaches Achievement

SunnyT.D.et.al 2016 Motorimagery
classification

Bayesianspatio-spectral
filters

Classification
performance

RamiAlazraiet.al 2018 Decodingfinger
movements-EEG

ChoiWilliam,quadraticT-F 2-wayclassification

AkaraSuprataket.al 2017 Sleepstagescoring CNN,bidirectionalLSTM Accuracy,F1score

NicolaMichielliet.al 2019 Sleepstage
classification

CascadedLSTMRNN Neurocognitive
performance

ArnaudSorset.al 2017 Sleepstagescoring CNN Cohortstudy,class
wisepatterns

IreneSturmet.al 2016 Motorimagery
classification

Layer-wisepropagation Neuralactivity
complexperception
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• MLP-NN,asynchronousNNcanincreaseaccuracy,speedofcontrolinmuscularmotorimagery
EEGsignalclassification.

• ImprovedBPNNwithweightsplittingandPSOforappropriateweightstrainingachievebetter
accuracyformotorimageryEEGclassification.

• DeepEEGfeaturesandclassificationformotorimagerycanbedoneusingSTFT,CNNandLSTM.

2.2 Types of Classifiers for EEG
Cerebraldisorders likecrueltzfeldt-JakobdiseaseisanalyzedusingSVMforbetterclassification
accuracyafterdimensionalityreductionusingPCA(Valeriasaccaet.al,2018,FranziskaMatth¨aus,
et.al,2009).BrainatlasesfromADNIdatabaseiscollectedforgraymatterclassification.LONIand
AALatlasesareused.PCAusedfordimensionalityreductionandSVMforclassification(Yousra
Asimet.al,2017).DWTisappliedtoextractfeatureslikemean,median,skewness,relativewave
energy,variance,energy.SVMbasedonradialbasisfunction,KNN,naïvebayesmachinelearning
methodsareappliedonictal,inter-ictaldatafrombonnuniversitydatabaseforeyesopenandclosed
conditionstoobtainhigheraccuracy(AsmaaHamadaet.al,2018).

CerebralmicrobleedingisaseriousissueinEEGwhichfurtherleadstostrokeslikedementia,
inter-cerebralhemorrhageanddeath.So,itistobetreatedwellinadvanceforthepatienttohave
healthylife.9-layerCNNwith6-layersofconvolutionlayersand3-layersoffullyconnectedlayers
helpinbetteridentificationofmicrobleeding(ShuihuaWanget.al,2018),(Jian-minLiuet.al,2018).
Superresolution(SR)CNN,fastSRCNNanddeepsenseSRCNNcanbeusedtoimproveresolution
ofCTandMRIimages(ShuaifangWeiet.al,2018).DeepCNNcanbeusedtodetectthedrowsiness
stateofpersonbyreducingthecomplexityinmanualfeatureextractionandeffectsofinterferencein
environment(GangZhaoet.al,2018),(NabilM.Hewahiet.al,2017).Thisanalyzesthelearningstate
ofastudentandhelpsinteachingandassessmentoftheperson.Computeraideddesigns(CAD)to
identifyabnormalitiesornormal,preictal,seizuresfromEEGusingmachinelearningtechniquesare
carriedout(U.RajendraAcharyaet.al,2017).A13-layerdeepCNNisusedtodiagnosisepilepsy.
Table2showsvariousclassifiersonEEGsignals.

2.2.1. Inferences

• Fractaldimensions,ARmodelsandpowerasfeatures,adaptiveweighteddistancebasednearest
neighborclassifierscangivebetterperformance.

• PCA,SVMcanhelpindetectingcerebraldisorderslikeCrueltzfeldt-Jakobdisease.

Table 2. Various classifiers used on EEG signals

Authors Year Type of Classifier Disease Achievement

KentA.Kiehl
et.al

2013 KNN–nonlinear
discriminativemethod

Schizophrenia-functional
connectivity

FNCfeatures-
schizophrenia

TianyiZhouet.al 2018 Multifeaturedfusion,SVM
linearclassifier

Autismspectrumdisorder
(ASD)

Accuracy91.38%

RajaMajidMehmood
et.al

2017 SVM,KNN,LDA,DL,
randomforest

Emotionrecognition Hjorthparameters,
spectralpowerband

URajendraAcharya
et.al

2018 DL-Convolutionalneural
network

Depressionscreening-EEG Depressionseverity
index

RakeshRanjanet.al 2018 Fuzzyneuralnetwork DetectK-complexinsleep
EEG

Neurological,
Mentaldisorders
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• Graymatter,glucosecontentineachbrainregioncanbeclassifiedforADNIdatabaseatlases
likeLONIandAAL.

• 6-layersofconvolutionand3-layersoffullyconnectedinCNNcanidentifymicrobleedingin
cerebralEEG.

• DWTappliedtoextractfeatures,machinelearningapproachestoclassifyictal,inter-ictalfor
eyesopenandeyesclosedconditions.

3. PRoPoSEd CNN ARCHITECTURES

CNNstandsforconvolutionalneuralnetwork.1D-CNNcanbeappliedonEEGsignalsandhence
weproposedtwoarchitecturesof1D-CNNshownbelow.Figure1shows1D-CNNwith2layersin
whichtwoconvolutionallayersandeachfollowedbymaxpoolinglayerareused.Maxpoolinglayer
appliesthefilteringprocessandconvertsittolowerdimensions,whichrepresentsasinglevaluefor
3x3or5x5filterusedforpoolingprocess.Featureextractioniscarriedoutandthenappliedtodropout
layertodropallthelessdominantneuronsandhencereducethesize.Flattenedlayer,fullyconnected
layerfurtherhelpinincreasingnumberoftrainingparameterstogivebestresults.Batchnormlayer
isusedinfurtherstagetodecreasethesize.Outputlayerisdenselayerandtwo-wayclassificationis
carriedout.Figure2show1D-CNNwith3layerswhere3convolutionlayersinappropriateflowis
usedtoobtainedbetteraccuracyandtoincreasetheclassificationperformance.

4. RESULTS ANd dISCUSSIoN

MotorimageryEEGiscollectedfromopensourceinwhicheyesclosedandeyesopenconditions
arethemovements/motorconsideredwhilecapturingEEG.Itisfilteredtoremoveanyminutenoise

Figure 1. 1D-CNN with 2 layers (Model 1)
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anddenoisedEEGisappliedto1D-CNNwith2layersand1D-CNNwith3layersshowninsection3.
Differentcombinationsofactivationfunctions,lossmodelsareappliedtoconvolutionallayers.Table
3shows theperformanceof1D-CNNwith two layerswhendifferentcombinationsofactivation
functionsareusedinconvolutionallayers.Similarly,Table4showstheperformanceof1D-CNN
withtwolayerswhendifferentcombinationsoflossmodelsareusedinconvolutionallayers.Table
5showstheperformanceof1D-CNNwith2layersand1D-CNNwith3layers.Hencewhennumber
oflayersareincreased,accuracyofclassificationimproves,lossesdecreasesandkappacoefficient

Figure 2. 1D-CNN with 3 layers (Model 2)

Table 3. Various activation functions used on 1D CNN

1D-CNN 
(loss=’binary_crossentropy’, optimizer=’adam’ – fixing)

Activation functions relu, softmax relu, relu relu, selu relu, sigmoid relu, softplus

Metrics 1D-CNN 
trial1

1D-CNN 
trial2

1D-CNN 
trial3

1D-CNN 
trial4

1D-CNN 
trial5

Kappaco 0.000 0.316 0.292 0.244 0.220

Accuracy 0.510 0.660 0.647 0.623 0.610

Sensitivity 0 0.509 0.550 0.555 0.582

specificity 1 0.805 0.740 0.688 0.637

Precision 0 0.378 0.417 0.437 0.467

F1Score 0 0.434 0.474 0.489 0.518
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increases.Hencein3-layer1D-CNNnumberof trainingparameters increasesandlearningtakes
placebetterandthusaccuracyisincreasedto74.69.

5. CoNCLUSIoN

EEGisdenoisedusingellipticfilteranddenoisedEEGisappliedtoCNNarchitecturesforfeature
extraction and classification. Two different architectures for 1D-CNN is tried in this paper. By
increasing number of layers, number of training parameters increases and thereby classification
performance improves in terms of accuracy, logloss, hamming loss, kappa coefficient. Various
combinationsofactivationfunctionsareusedinconvolutionallayersandvariouslossmodelsare
usedincompilemodeltochecktheperformanceofproposedCNNarchitecture.3-layer1D-CNN
helpsinbetter2-wayEEGmotorimageryclassification.

Table 4. Various Loss models used on 1D CNN

1D-CNN 
(Activation function-relu,relu and Optimizer-Nadam – fixed)

Loss Models binary_crossentropy mean_squared 
_error

mean_squared 
_logarithmic_error

categorical 
_hinge

logcosh

Kappaco 0.381 0.485 0.490 0.000 0.499

Accuracy 0.691 0.743 0.745 0.5 0.750

Sensitivity 0.567 0.576 0.706 0 0.635

specificity 0.814 0.909 0.784 1 0.865

Precision 0.411 0.388 0.474 0 0.423

F1Score 0.476 0.464 0.567 0 0.508

Table 5. Comparison of 1D CNN-2 layers and 1D CNN-3 layers

Performance metrics 1D CNN 
(2 layers)

1D CNN 
(3 layers)

Accuracy 72.26 74.69

Logloss 9.58 8.73

JS Score 0.7226 0.74

Kappa coefficient 0.442 0.492

Hamming Loss 0.277 0.253
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