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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.
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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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